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Abstract

The purpose of this thesis is to explore the applications of configurational methods from
the fields of graptneory and space syntax and discrete choice methods from economics
to the analysis of crime. In the work that follows, this thesis will argue that, based on
current environmental criminology theory, the movement of offenders and ordinary
citizens play a witbut underesearched role in the distributions of crime. For offenders,

it shapes their awareness and familiarity of the opportunities for crime. For ordinary
citizens, it determines the supply of potential bystanders and the quality of ambient
guardiaship. This thesis will contend that the current methods for empirically describing
or estimating both types of movement and the approaches typically used for analysing
(their role in) crime patterns are not without significant shortcomings. As sueb, a seri

of novel graph theory network measures and a sample of discrete choice methods (the
conditional logit, mixed logit and latent class logit models) are explored in relation to these
issues. These methods are then jointly employed and empiricallydesteghared in

a set of original analyses of the burglary location choices in Buckinghamshire (UK)
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1.1. Background

This thesisconcernsthe geographic digiution of burglary offence locations and
modelling the underlying spatial decisiaking proces$n particular, it wilexplore

how the movements of the offender armdinary citizens contribute to burglary offence
location choiced$n terms of methodolical contributions, it will do this by exploring

and developing the criminological applications of configurational methods from the fields

of graph theory and space syntax, and discrete choice methods from economics.

In the work that follows, this thesusll argue that, based on current environmental
criminology theory, the movement of offenders and ordinary citizens play a vital but
underresearched role in explaining the distribution of crime. For offenders, it shapes
their awareness and familiaritgrohe opportunities. For ordinary citizens, it determines

the supply of potential bystanders and the quality of ambient guardianship. | will argue
that existing methods for empirically describing or estimating both types of movement,
and the approache9iyally used for analysing (their role in) crime patterns, are not
without significant shortcomings. As such, a series of novel street network metrics and a

sample of discrete choice methddssed to examine offender decision makenrg
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Chapterl: Introduction

explored in reteon to these issues. These methods are then jointly employed and

empirically tested and compared in a set of original analyses of burglar location choices

in Buckinghamshire (UK).

The principal aims and contributions of this workhaesfold. The firstand primary

technical contribution, is to demonstrate the utility of these methods, including their

benefits over alternative and more established methods. The second is to provide greater

insight into the role of offender and ordinary citizen movemenirnie location choices

than has been possible hitherto. The thidcafter accounting for these influencts

generate more accurate estimates of the influence of other factors that affect crime pattern

formation. These constitute the key technichlheoretical contributions of this work.

1.2. Outline of the thesis

The remainder of this thesis is organised into 11 ch@bigpser 2 provides a review of

the criminological literature that motivates the remainder of this thesis. CHepters 3

belong to thee general themes, and are consequently organised divided into three

sections:

1 Chapters-3 constitute the Configurational Methods section and are all related to

the introduction and application

movement alongrstet networks;

1 Chapters-® represent the Discrete Choice Methods section and are all related to

the introduction and application of discrete choice methods to analysing offence

location choices; and

1 Chapters 10 and 11 compose the Main Analysis secticcoraosin the

simultaneous use of both methods in the analyses of burglary location choices in

Buckinghamshire (UK).

19



Chapterl: Introduction

For the first two of these sections, most of the relevant material concerning the
background to the methods, their theoretical underpintengsical explanations, and

prior literature are reviewed in the first chapters of each section (Chapters 3 and 6). The
exception to this is Chapter 5 in which novel (configurational) methods are proposed. In
this case, the material solely related teetioethods are discussed in that chapter.

Chapter 12 provides a Summary and Discussion of the material covered in the thesis.

1.3. Structureof the thesis

In Chapter 2, a review of the relevant criminological literature is provided which begins
withageneraedbc k gr ound t o the study of c¢crime. TI
criminological theory is poorly suited to understanding the spatial distributions of crime.
The rest of this Chapter will then give an overview of environmental criminology and
how its focus on therime settprgvides a suitable framework for understanding where

crime eveotxur. The key theories and perspectives are briefly described and then
summarised together, along with the results of earlier research. In doing do, a set o
testable hypotheses regarding burglar location choices are articydatédular, the

role of peopl e disdisomssad easnan rexplanatart forenme pattern
formation.The key disagreements between theories and the paucity ofalesethzh

role of movement in crime locations are also discussed.

Chapter 3 introduces the key methods from the criminological and wider literature for
counting or estimating (aggregate) movement flows. The limitations of each approach are
identified and dcussed, and it is argued that configurational methods ofieosihe
appropriatesolution for estimating movement patterns in statistical models of crime.
These configurational methods, or more specifically graph theoretical and space syntactic
configurabnal methods, are then discussed in more détarelevant terminology and

technical materiafeintroduced.
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Chapterl: Introduction

The configurational methods presented in Chapter 3 can be computed and the road
networks analysed in many ways. Chapter 4 is concernedsvatidtassessing the
accuracy of each approach in predicting movement flows. These findings inform the
choice of method to be used in the rest of this thesis and that which is recommended for
future research. To do this, a systematic review of thisrgasafirst conducteand

briefly describedThe findings of this review highlight serious shortcomings in the
existing literature and suggest the need for more useful estimates of the accuracy of the
approaches considered. As such, using movementtidwdalondon (UK), a set of

original correlations between the different types of analyses and pedestrian and vehicular
movement flows are computed. The results are then synthesised ianalgssaand

the implications of the findingsediscussed.

Wh | e the types of anal yses, and specifi
Chapter 4 can be used to estimate aggregate movement flows, Chapter 5 proposes three
extensions. The first proposes an approach to improve the accuracy of the estimates of
movement flows bgmploying a weighting strategy that takesunt of the fact that
movement is more or less common from and to certain locations around the network.
Drawing fromvarioustheoretical perspectives, two further extensions are proposed to
provide nuanced estimates of movement flows intended to provide insight into the
oguardianshipdé potential that those movi
parts of the street networkhere offenders are most likely to be familiar. These

extensions arexplained, justified, and then illustrated with an example street network.

Chapter 6 introduces the four general statistical approaches: thasacyeaiffender
based, mobilithasedand choicdvased, for analysing offence locations and offender
preferences. The limitations of each approach are identified and discussed, and it is argued

that the latter approach, the chdiesed approach, is theoretically superior to other
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Chapterl: Introduction

approaches and offers for the best solution for analysing crime patterngsfThe m
common discrete choice model, the conditional logit [CL], is then discussed. Given the
limitatiors of the CL, in particular that it assumes all offenders share the same preferences
which is counter to much criminological research, two further maatetsldiv for
heterogeneity between offenders, the mixed logit and latent class logit, are then explored.

The relevant terminology and techhmaterial are also explained.

While the discrete choice approach is theoretically superior to the otherithaebegqp

there has been no (formal) comparisons within criminology of the results of analyses using
these different approaches. As such, the impact of the analytical apphedidomgs

and their interpretation is currently unknown. Exploring tthie f®cus of Chapters 7

and 8To facilitate this, synthetic burglary data are generated using theoretical parameters
and each of the methoal®assessed to examine the extent to which the inferences drawn
using the methods match the data generatingspreogployed to produce the data
(Chapter ¥ Chapter 8 fuhersthese analysasnd i ntroduces the con
to the data generating processtiEhthefact that realvorld crime data are imperfect.

For example, because not all crimes poeted to, recordely,or cleared by the police.

As such, and because each approach requires different typethef diaiaess of data

can impact their findings. Methods for improving the ability of the approaches to detect
the parameters used to gette the data are also tested and the results show the general

superiority of the choidesed approach.

The findings from Chapters 7 and 8 support the application of thelw®deapproach
to analysing offence location choices, however, there arevaysnyn which the
approach can be applied. This includes the variables that are used, or the specific choice
model applied. Chapter 9 is concerned with the analysis of the effects of these differences.

This chapter quantitatively syntheses the resuttseiisting offence location choice
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studies to estimate the effects of using, or not using, different paraarébissand

model types. To this end, a systematic review of the literature is conducted, and the
resulting studies are synthesised togesieg a series of metaalyses and meta
regressions. Although the results are limited by the types and number of available analyses,
the results provide insight into which parameters should be considered and included in
future analyses (of offence lamatthoices)This alsenformsthe analyses presented in

Chapters 10 and 11 of this thesis.

In Chapters 10 and 11, the configurational and discrete choice methods from €hapters 3
5 and & respectively are employed together in a series of analyseargflbcagjon
choices, using data for the county of Buckinghamshire (UK). More specifically, Chapter
10 concerns the street network measures devised in Chaptedsu$es a basic discrete
choice model (the conditional logit) to test the measures arldelgpgoroposed in
Chapter 5. The results largely reconcile with the theoretically expected effects of

movement, which demonstrates the premises of those measures.

The analyses of the relationship between movement and the other factors on burglary

location choices is extended in Chapter 11 to include twoswuhesticated discrete

choice models. These are the mixed logit and latent class models that, for one, incorporate
the fact that offenders may differ from each other in terms of their offendingneeser

The results again show the significant role movement (of the offender and citizens as

bystanders) plays in burglar location choices. The results also reveal in more detail than
previous studies how burglars (or offenders more generally) camunliféerdh other in

terms of their offending preferencélse latent class model provides new insight into

how these preferences can be discontinuous and offenders grouped into distinct types.

Chapter 12, which concludes the thesis, begins by summarfsidgntigeof the earlier

chapters. The key themes, across chapters, in this work are then discussed and the

23



Chapterl: Introduction

implications and contributions of eackexplored. Lastly, the overall scope of this thesis

is established and open questions or expected dgdatifurther work are examined.

1.4. Associated publications

The work presented in this thediaws from or is otherwise published (or awaiting
publication) in three publications. More specifically, and in order of their appearance in
the thesis, content i@hapter 3 regarding configurational methods draws from the
publication of oOousing qualitative distan
anal ysesd p i"Space Syhtax Sympds{Enithh2©17)Cdntent in Chapter

6 and the analyses in Chapters 10 and 11 regardetg dismice methods and the mixed

logit analyses of preference heterogeneity draws from and extends the analyses in the
publication of orol e of t he sanarkd entg 6 n @ thw
Criminology(Frith, Johnson and Fry, 2017astly, and similarly but also regarding the

latent class (and mixed logit) analyses of preference heteragateityin Chapter 6

and analyses in Chapters 10 and 11 draw from the forthcoming éwmsien)r
publication of o0a | atent class discrete

preferencesd in the Journal ot Choice Mo
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Criminologi cal L

This chapter provides a review of the relevant theoretical and empirical literature
concerning crime and why it distrilsutespace and time. The chapter begins with a
broad overview of the general study of crime before introducing environmental
criminol@y and the key related theories. These theories are then summarised to give a
comprehensive explanation of burglary location choices and to highlight the theoretically
key role of movement in explaining the distribution of crime. In relation to this,
disageements between theories and gaps in the literature are identified and hypotheses

to be investigated in this thesis described.

2.1. Introduction

The study of crime and criminal behaviour has an extensive history involving a wide range
of frameworks and perspiges. Although exceptions exist, for much of this history the
field has been dominated by what can be tdraditional criminoldgye, and although

the philosophical standpoint can range tlassicismhere individuals have free will to
engage inrone topositivismh er e i ndi vi dual s® engagement

outside their control, traditional criminology concentratesromalitgnd thecriminal
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Chapte2: Criminological Literature Review

dispositiomhat is, ilooksto find and explain why individuals engage in arsimg a

range of factors such as psychological and biologiesdrdiffs (classical criminology)
andsocial conditions and developmental experiences (positivist criminology). This is with
the goal of identifying persons at risk of committing crime arehping or reducing

their engagement oreagagement.

Although not undervaluing the role and contributions of traditional crimiiffdogy
example, see Kautt and Pease, 2d@)esence as the principal or lone framework for
understanding crime is disputable. For one, and also called the fundamental attribution
bias(Ross, 1977; see also Tilley and Sidebottom, i2@t§laly errs by emphasising
dispositional determinants of crime and downplaying the potential of situational causes.
In this way, criminality is regarded as being determined by inherent characteristics or traits
that distinguish criminals from nomminals This is overly simplistic. For example, a

2003 UK survey on seHported offendingBudd, Sharp and Mayhew, 23kjgests

much of the population commit crime (41%) but do so infrequently (17% only once in
their lifetime and 665% fewer than fauimes) and not persistently (5% of over 25
yearolds had offended in the past year compared to 22% of those under 25). Traditional
criminology can also be criticised for the practicality and applicability of its findings. That
is, and even noted 40 yeag® by Wilsor{1975) its distal causes of crime, such as
deprivation, are unliketo be comjetely eradicated; and even if theythee policy
relevance is questionable as the net effects could only be realised in the far future and in

the next wave of adolescents and adults.

In response to these limitations and the gaps in thtuliee an alternative framework
callecenvironmental crimistddgy to emerge the 1970s and 1980s. Although the term
itself was previously used in a related work by Jéfiéfyit was specifically introduced

in a book of the same name by Paul and Patricia Brant{i§8dm)lts roots, however,
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Chapte2: Criminological Literature Review

can be traced tseverakarlier works. Key historical examples include those irf"the 19
century by Balbi and Guerf¥829) Guerry (1833/2002)and Quetele{1842)who
analysed spatial and temporal crime patterns using large administratiepanteasn{s

in Franceand Glyde(1856)who found spatial heterogeneity in crime within similar
administrative divisionhé county of Suffolk) in Englateke also Weisburd, Bruinsma
and Bernasc@009) Relatively more recent work such as that by the Chicago School
from the 1920s and architectural criminologists such as Oscar Newmadvistinede

also major influencé®r a review see Bruinsma and Johnson,.2018)

The emphasis of environmental criminology isrthree settangd the where, when and

how crime eventur (Brantingham and Brantingham, 198Tapt is, and unlike
traditional criminology that concentrates on the offender and distal causes of cri
(criminality), environmental criminology focuses on the proximal determinants of crime
and the immediate circumstances of the ¢gaealso Clarke, 2004 proposes that

crime events are the result of persituation interactions where situational factors and
the environment fundamentally shape the distribution of crime. In this way, and although
the offender is still an impartt aspect, the role and importance of their criminal
disposition is rendered secondary; it is the (criminogenic) circumstances that lead to its
translation into a crime that are of interest. The goal of this framework is, therefore, the
manipulation of thse proximal factors to inhibit the commissioning of crime. The
successes of which have been shown repeatedly; for example, see &@0&Tfor

a review of onepplication of environmental criminologyjme prevention through

environmental désstgralso Clarke, 2010; Welsh and Taheri, 2018)

In what follows, the three matmeoreticaperspectives of environmental criminology:
rational chdiCarke and Cornish, 198®utine acti@®phen and Felson, 19@8ycrime

patterngéometry of griBrantingham and Brantingham, 19&irk) discussed. Other
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important and related perspectives suslb@al disorganis@imew and McKay, 1942)
andcollective eff@aypson, Raudenbush and Earls, B9@&yes on the tiaebbs,
1961)anddefensible sfide&man, 1972re also described. They are then synthesised
together Lastly, the key testable discordances between perspectives and gaps in the

empiricaliterature, which are to be examined in this thesisutlined.

2.2. Environmental criminology

The environmental criminology framework encompsegesaperspectives that share

the common goal of understanding crime events. Unlike perspectives that are found in
many other fields, these are largely mutually compatible and, for exalsipleyiexp

events awarious levelsThis includegshe macro or societyide level, the meso or
neighbourhoodvide level and the micro or individual level. In many cases, they also build

upon each other. These perspectives are now described in turn.

2.2.1. Rational choice perspective

Although first formally presented by Ronald Clarke and Derek Cornish in 1985, the roots
of the rational choice perspective of offending can be traced to much earlier work. This
includes that by the early utilitasiamch as Caesared8arig1764/1775and Jeremy
Benthan(1823) but it was arguably the economist, Gary Becker, who stimulated interest
i n this per spec(l98)he postllaied Ba thekchaicé te offend iIs a r
rational one and not qualitatively different from otheranione related choices. That is,

an individual will choose to commit an offence éxpected ut{litynonetary gairthis

version) from doing so exceeds what they would receive from altaotiatnge From

this, a function regarding the frequency of offending can be described using the expected
utility formula(see also veNeumann and Morgenstern, 194This includes the

probabilities and utilities of successful and unsuccessful (in terms of being apprehended
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or apprehended and convictedgnéfing and of alternative legal and illegal activities; and

other variables, for exampidichrepresent their willingness to offend.

Although related in that the offender still evaluates the choice to offesre,
conceptualised and described in terntise likelyrewargddasksandefforof doing sad
Clarke and Cornishds rational choice per
several grounds. Although some are ni{see, for example, Andresen, 2014 for his
responses)thers are nenr i vi al . For one, t hey argue
monetary gains and instead suggest offenders can be motivatedbyroteeof utility

such as for the prospect of excitement or fun (and so can be used to explain expressive
crimes). Clarke and Cornish also contend the perfectly optimising -cedgign

process implied in the economic model. Instead, they suggeffetitirs act with

limited rationalityr example, because the decision to offend is not always (perfectly)
planned. In this sense, it folldveginded rationasitgescribed by Sim@ng. 1957, 1986)

who argues the full rationality models (such as above and traditionally useahicsgcono

are unrealistic. Instead, and due to limitations in time for processing, cognitive resources
and available information, people (offenders) may use heuristics or opt for a satisficing
solution. Furthermore, this bounding of rationality ignores\affett can cause further
deviations from the types of decisioaking logic expected in the economic nsdel

Van Geldeet al.2013)

Another key difference between the two models is their focus. That is, although the
Becker economic mod@l968)briefly considers individual decisions to offend and a
function to relate the total number of offences to a single persdargely concerned

with the overaBupply of offetaséstermine optimal law enforcement. As such, it can be
described as a madevel model. On the other hand, Clarke and Cdi885)dopt a

crime evenspecific focus, and while they produce additional models on the
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commencement, continuatiand desistance of offenditigey emphasise thacro

level in explaining the occurrence of individual crime events. For example, as shown in
Figure2.1. for a residential burglary, the offender evaluates and selects the offence
neighbourhood and dwelli(aghierarchical decision process; see also Brown and Altman,
1982pased on the likely effort (e.g. easily accessible and patio doors) fesksdkcg.

patrols and no one at home) and rew@ds especially affluent).

2.2.2. Routine activities perspective

The routine activities perspective was first presented by the sociologists Lawrence Cohen
and Marcus Felson in their 1979 artsdeial charagel crime rate trends: a routine activity
approhcAs presentedgivesa macrdevel explanation of the distributions and levels of
crime by considering the broad effects of societal changes. In many ways, it is also
applicable as a micro or méseel model as it lays the groundwork and describes the
circumstances by which crime will occur. That is, and drawing on the classic ecological

Figure 2.1 The event model of a residential burglary in a middielass aree
Adapted from Clarke and Cornish (1985).
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work by Hawley1950) Cohen and Felsdh979)arguethat offences (or crime events)

can only transpire if three elements coincide in time and space. As shovaminmethe
trianglen Figure2.2, these are an inclined and capaiiandea suitabléargetandthe

absence ofapable guardi@hslatter includehe police but also ordinary citizens and

objects such as CCTV cameras, who can prevent the offence. They argue that these
convergences will naturally occur as all three go about their everydaylhugsauithes

That said, and althgsh pot ent i al v ilegal) daifysréutinesesyichlas ( a n
work, school,and leisure, will bring them into risky situations, because offenders must
pursue victims (rather than vice versa), it is the structure of the former that may most

stronglydetermine the distribution and quantity of crime.

In proposing this perspective, Cohen and F€k®®) draw upon and cite various
previous work For example, descriptive analyses in &cat(1973)and Reppetto
(1974)which note a relationship between residential crime and the likely rhythms and

tempos of resident sd dai | y-leval predictonstof e s .

Figure 2.2: The crime triangle showing the convergence @n offender and a targe
in the absence of guardianship necessary for a crime to occur. Adapted f
Felson (1998).

Inclined
and capable Capable
offender guardian

Suitable
target
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routine activities against ihereases iarime and economic conditiangpostWorld

War 1l United States. They find the crime rates may be explained by broad changes in the
social structurend theshift in routine activities from around the home to outside it. For
example, increases in lone person householdbegpalticipation of wonrein the
workforce which leave more households vacant and gdesdiéor longer; particularly

during the daytime. They also briefly consider the role of the growing market for
consumer goods and their miniaturisation that leaves more goods thatbéeeandit

available to steal.

Since this seminal artideyeratontributions extending it have been put forward. One
examplewhich incorporateaspects of the rational choice perspective regards the
suitability of targets. In this work, two acronyms bhaea suggested to assess the
suitability of a target (principally &@quisitive cyinbe first, as proposed by Felson and
Clarke(1998) and based on some of the terms used in the original(@divéae and

Felson, 19793 VIVA. Here, the value, inertigsibility,and access of a targdiuance

(and can assess) its risk of criminal attack. Later, another popular acronym, CRAVED,
which built upon V(.Y A998yark om the tNMdirlg ®f stBlent t o n 0
goods, was proposed by Claik@99) Standing for concealable, removable, available,
valuableenjoyableand disposable, the key differenca®s VIVA is the distinction of
enjoyable (in terms of gaining fmanetary pleasure) from valuable; and the emphasis

on the ease of hiding an item (concealability) and ease of which it can be sold or enjoyed

(disposability).

A second set of developmentgarel the guardian component and the notion that it is
just one type afrime contrdinich primarily functions by protecting possible targets).
Drawing on control theorfHirschi, 1969)Felson(1986)addshandlersuch a parents

and probation officers, as another type who can regulate crime by exerting influence over
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potential offenders to prevent them from offending.(E@84)also addmanagessich

as premise owners or employees of premises, whaotriagy explicitly interested in
restraining offenders (handlers) or protecting targets (guardians), but their presence and
interest in the premise will impede crime. Much later, Saehpd@010)plso adduper
controllersuch as regulatory bodies, which function by forcing or incentivising the
controllers to prevent crime. This mtér network is illustrated in tpeoblem analysis

trianglim Figure2.3.

Separate work has also focused on the guardians themselves including the distinction
betweenformal guardiaueh as the police who have a legal reratmal guardians
including residents and past®grswho do not, anderdiormalguardiansuch as
neighbourhood watch groups who exist somewhere between. (E88b5also
highlights the different levels of responsibility guardians may take at different times. These

includepersonal responsibilitya t may regard a personds ow

Figure 2.3: The problem analysis triangle showing the relationships betwe
targets, offerders and places, their controllers and their super controllers. Adap
from Sampsonet al.(2010).
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intimately knowndiffuse responsilofigreas where they may have safitiation, and
general responditnldyeas where they have no attachment. Going further, R29ba)d
suggests these can be interpretadmas i ndi vi dual Ofguardianiksimg cap

function of their physical and social proximity.

2.2.3. Crime pattern (geometric) perspective

Although continuing the traditions of the earlier environmental criminology perspectives,
the crime pattermperspective of crime specifically takgmaattemporal approach to
understanding crime events. Proposed by Patricia and Paul Braritiaghbnsealso
1993b) a central proposition of this perspective concerestitenmental backdiath
represents thelemets of the physical environment tima¢diate the distribution of
crime. One product of awbrbness spaoexpldincconsiten i s
that outside of offending, offenders are just likeoffenders and travel around the city
duringtheir daily routines. This will include going to, from and behotéty nodesh

as their home, work and school locations argpsigpand other leisure venues. Based

on this movement, @activity spaae offender develops an idiosynceatiareness spface

crime opportunities. This will include areas around their activity nodes and along the
routes between thepaths(sealsoFigure2.4) but also areas aroundrties they search

for targets. Given this, thahgedsesources such as time to travel and less information

is likely known abouigdant or unexplored locations aedmay b adjudged as riskier

due to the uncertaintgn offender is likely to avoid exploratory offending forays. They
will instead likely prefer offending in known and proximate areas within their awareness
space. This effect of the awareness space is alsecexplependent of the fact that this

movement will bring them into direct contact with crime opportunities.

Al t hough somewhat implicit in this descr

need to develop linearly. Elements of the environmentaldbackan significantly
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distort or shape it and many examples are given in the original Brantingham and
Brantingham papét98.b) One examplesthe street layoutor example, considiat

grid layouts are mopeedictableand their use will often result in shorter pathspared

to organic layoutsith windy roads and edésacslt is likelythat people, including
offendes, will usegrid layoutsnore often, including as through paths. As séfemder
awareness spaedll be biased towards these areas. As an alternative, if fewer people use
areas with organic layouts they may become attractive to offenders (asoiaéeeveril
guardians) which will bias their target searches and their awareness space. The form of
movement and the nature of aoynect@@are, Fernandez and Morgan, 280Balso

likely have an effect. For example, for areas primarily served (from or tospgdugh

or underground massansit systems tlavareness spaces may be nodal with large gaps

in awareness between stations. In comparison, for areas more reliantitomaylses
expeotdthatawareness spaced follow the bus routes but be less nodal with more
knowledge along the patBanilarly for areas thateedvehicular transportatiom,may
beexpeatdthatawareness spaea follow any major transportation arteries. Another
featurethatmay have an effect adgdBrantingham and Brantinghat@93b)which

may be physical or psychological boundaries. One example would be the borders of non
porous neighbourhoods, where strangerdtargresent and so are accepted. However,
travelling beyond them and into the neighbourhoods may be cuamailsol\{ould their
awareness spaces and potential offences) because they may arouse suspicion and be

challenged by residents.

The environment al backcl oth wildl al so in
results in an offence by way of its convegyeith suitable targefr exampleconsider
the original scenario of an offender who prefers to offend in their awareness space, it

assumes this can be realised anywhere as potential targets are homogenous and uniformly
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distributed. This, however, istnimue. Targets are heterogeneous and unevenly
distributed in space and time. As illustrated for the spatial dimefsgunad4, their

di stribution wil!/ i nteract wi tt that their of f e
offences will vary with the concentration of (suitable) targets. Certain targets or
concentrations of targets wild/l al so bi as

searches. As noted by Brantingham and Brantir{gB85) these include

1 crime generasod) as shopping areas, whiddpce crime because they attract
large numbers of people (including offenders) for reasons unrelatad sndri

SO create opportunities;

1 crime attracteteh as drug markets, which produce crime because they specifically

attract criminals due toe @portunitieghey presenand

1 crime neutral ateasproduce little crime because they attract neither criminals
nor noncriminals. Clarke and E&003glso added icne enablers, such as some
recreation parks, which produce crime because there is little regulation of

behaviour.

Figure 2.4: The likely distribution of crime due to the convergence of awarene
space and areas with manyotential targets. Adapted from Brantingham an
Brantingham (1981b).
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Beyond this, therime pattermperspective of crime also emphasises thetatonarity

of the environmental backcloth. This can be in tba-t&im where, for example,
locations (including the types outlined above) are only suitable for an offence or have the
same type of effect at certain times of the day or days of the week. An example would be
a bar that is closed in the morning anddse# not attract any custom, it acts as a crime
neutral locatioat that timeWhen it opens later in the day, it may attranypatrons

and so produces lots of opportunities and acts as a crime generator. In the evening it may
be infamous for the types$ opportunities present and so acts as a crime attractor, and
after closing and all the managers leave it may act as a crime enabler as there are no
deterrents to offending. The backcloth may vary in theermdsuch as when a school

or university repens for the new academic year and changes prougnéss and

admits a new group, of potential offenders and victims. Finally, its effects may also vary
in the long term such as when an offender ages and through experience or greater access
to vehicles iopublic transport develops a larger awareness space; or when they change
addresses and develop new (and forget old) awareness spat&sn Loiggation in

work, shopping and leisure locations to fringe areas of the city will also cause widespread

changs in activity spaces (and awareness spaces) of potential victims and offenders.

2.2.4. Social disorganisation and collective efficacy perspectives

Although arguably distinct, the social disorganig@law and McKay, 194and

collective efficacy{Sanpson, Raudenbush and Earls, 19%8fspectives can be
considered refinements of the same idea. They share a common genealogy in the work
from the Chicago School in the 1920s and particularly the research by Park, Burgess and
McKenzig(1925/1967pn the urban ecosystem and the natural arrangement of the cit
around the central business district. That is, as illustr&igdrim 2.5the city may be

divided into concentric zones where each possesses relatively homogerous socio
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structures but increase in general prosperity the further from the central thigsiloes
Although its possible relationship with crime was briefly mentioned, for example in the
chapter by Burgegk925/1967and relatedly in other work such as that by Suthetland

al.(1939/1992)it was not until Shaw and McK&942)t became a focus.

In their article, Shaw and McKa®42)ropose that variations in thelidquency rate

(as measured using the home locations of delinquents) will be related to the ability of
communities to establish common values and maintain informal socialtbomiigi (

social organisation) such as by intervagiaigst suspicious &ities Although they also
consideredther variables, they particularly hypothesized and found results consistent
with delinquency being related to poveransiencyand ethnic heterogeneity. They

tentatively suggestseveramechanisms for these.tBrms of poverty, they suggeist

Figure 2.5: The concentric zone model of urban socistructures. Adapted fron
Park et al.(1925/1967).
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an indirect influence where those in disadvantaged areas are more exposed to social norms
that may condone delinquency. In addition, in areas with greater affluence, residents are
more likely to own their homes and be pean@residents and so are unlike trahsien
residents who may not inhabit a locatoiyg enough or be willing to expend effort to
decrease delinquency. Regarding ethnic heterogeneity, they suggest that residents may be
unable tocommunicategr theyhold discordant social values preventing the formation

of social organisation. They also note that these spatial patterns stexw Istadpility

despite changes in residents suggesting the observations are endemic to the areas and not

to the populations.

Although seminalaterinterest in social disorganisation and related perspectives was
intermittent until the 1980s and 1990s. Here, papers such as those by (388%)son

and Sampson and Gro\@989)roposed and tested a number of additional indicators

of social disorganisation. These includmdaingnd population densgtigre the greater
number of people inhabiting an area, the more difficult it is to recognise neighbours; and
family organisatibrere areas witkubstantial amountd loneparent hogeholds are

unlikely to provide the same amount of supervision apattaat households. At this

time, Sampson and colleagigeg. 1997also introduced the conceptaoilective efficacy
which regards the shared ability and willingness of communities to activate social control.
The key difference from classical social disorganisation is that members of the same
community not only havelationships with othenembersbut they have mutual trust

and support to act in the best interest of the community. Thahiie previous
examinationsf the relationship between social ties and social seatiaigely assumed

(see Sampson and Groves, 1988mpsoret al(1997)argued and found collective
efficacy to be a mediating mechanism between neighbourhood structure and crime (which

in that stdy concerned various measures of \de)en
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2.2.5. Eyes on the street perspective

Theeye on the street perafseckineywn asew urbaniand theencounteodécommonly
attributed to the writings of Jane Jacobs and particularly her 19@hédxath and Life

of Great American CB&sd on her anecdotal observations of neighbourhoods, mostly

in New York, Jacobs suggested that for most sipeéts; ordiernot predominantly
maintained by the police, Imformallyand unconsciously by the network of people who

use it. This is to thextent thato reduce crime, a proscription from the theory isathat
street should be permeable, for example by having a grid laybetwaticdused by
residents and/or strangers (rresidents). The street will therefore Inaaeyguardians

andan amaunt of natural surveillahee will inhibit crime and ensure safety. She also
argued that (residential) streets should be of-méretthd contain stores and other types

of public place8 particularly those primarily used during thetioeeyandnighttime

This is forseverateasons. First, and because of the need for general surveillance, these
places will attract and give wiesidents (as exeggseasons for being on the street. By
being in use during the daytime (when residents will likelaypatavork) andight

time (when residents are likely in their homes), these public places will help provide a
continuous flow of surveillance ayes on the sireietl, because the storekeepers (and
alike) are themselves important providers of hatuxeillance, and by being invested in

their business, they will additionally likely be active in ensuring peace and order.

2.2.6. Defensible space perspective

Although often viewed as the antithesis of the eyes on the street perspective, Oscar
Newman drew upothis perspective while developingdafensible space pe(sisxtive
called theenclosure maddhe book of the same name in 18é2 also Coleman, 1985;
Newman, 1996Based on this and his crude analysis of crime rag&iahousing

projects in New York, he identifies three major factors associhtedme. The first is
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anonymityhe idea was thiat highdensity buildingareas and those that are shared or

used by countless peopleareas thaiffer easy access to the public and are used as a
throughpath, it becomes impossible to recognisderdgs from intruders. They will
thereforebe unable or less able to recognise suspicious circumstances and intervene.
Relately, the second factor regap#ssonal responsibiitg, the idea is thatareas or
buildings that are shared or used bymeanople, the residents may feel little association

or responsibility for the grounds, including shared areas such as hallways. As such, they
will likely make little effort to maintain or protect those areas or participate in surveillance.
The final factois that of permeability where in housing projkeatdhavea multitude of
(physically or psychologically) uncontrolled entry and exit points, it not only becomes
easier (and more justified) to use it as a through path (see before), it also mades it simpl

for offenders to enter and exit.

It is from these observations that Newifi#i2)coinel the termterritorialityn terms of

the creation of perceived zones of (territorial) influescéhe cornerstone of his
defensible space perspectheillustrated in Figure 2lewman contendethat the
demarcation of space into a hidnarof public and private (and graduations thereof)
zones using physical and psychological barriers disrupts the movement between. It
follows that on the one hand, the controllers (residents) of the private zones are then able
(and encouraged) to take owhgr of their zone and consider them as part of their
personal sp&cem this, Newman argued that the residents will then take some personal
responsibility and I3gtting ua code of behaviour (potentially with other residents); they

will be willing andble to detect and intervene in suspicious circumstances tdhpewtect
space. For example, if an intruder entered. On the other hand, the demarcation of public
and private spaces and the subsequent ch:

intruders and offenders framespassitgturn, further reducing anonymity and making
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Figure 2.6: The defensible space model and the demarcation and hierarchy
public to private. Adapted from Newman (1972).
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it easier for residents to be vigilant and cotiteaspace. In effect, this creation of
territory should reduce anonymity, increase personal responsibility, asmd creat

(theoreticallatleast) impermeable environments.

2.3. Theoretical model of burglary

Taking these theories togethdrypotheticamodel ofthe factors expected to influence
burglary location choeean beheorigd (that will bé&atertested in Chapter and11).
Although these factors cantbematically divided a number oivays, one way is if they
regardthe offender and their movement and the road network; gasserd their

movement and the road netwakdother factors.

2.3.1. Offenders and the roachetwork
Based on rational choieed the notion that offenders, including burglars, attempt to

minimize effort when deciding where to offend, it would be expected that offenders will
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attempt to minimize the amount of travel to offéndfact, in ethnogmhic studies

offenders consistently report that distance is an important factor in offending decisions
(e.g. Brown and Altman, 1982; Rengert and Wasilchick SI988) results are obtained
fromganti tative studies that have investi g:
and offence locatior{ge.g. Snook, 2004; Wiles and Costello,.2806@)ever, in most

studies, distance is usually measured in termglioie&n or the straighme distance to

the offence locatiofe.g. Clare, Fernandez and Morgan, 20080e this will provide a

good estimate of the likely travel required, it is clearly impEnfeeimount of travel

required will obviously be linked to the shape of the roadketwbhow easy or direct

it is to travel to the locatioAs such, the distance along the road network would be

expected to be negatively associated with a location being selected for a burglary.

The common finding that the frequency of offending isselyeproportional to the
distanceoffendersmust travelis also expected toemerge fronmthe crime pattern
perspectiveAs described earlighrough their daily activitiesffendersdevelop an
awareess of criminal opportunitieBheir daily activities Wilowever be most likely

centred around their key activity node(s) such as theirBas®d.again on the idea that
offenders, like nooffenders, will try to minimise effotheir offending and non

offending activity will alsgenerdy decrease furthérom their homeAs a result, they

are more likely to be familiar with locations closer to their home. However, while previous
researchers have generally assumed that distance provides a reasonable estimate of a
| ocati onds f ami ikelyanore riugncef than this. ©Offehdens wil) have i t
additional activity nodes, such as nearby shopping areas. The street configuration will also
play an important role as it will determine how likely or often offenders will travel along

a particular streed reach those or other locations. For example, some streets such as

major roads will, on average, feature on many journeys and so will be more familiar than
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others such as edésacs which will feature in fewer journeys. As such, and independent

of the efect of distance, because offending in known locations reduces the uncertainty
about the likely outcome and also reduces any effort needed to scout that area to reduce
this uncertainty, it would be expected they would be more likely to offend in mare famil

locations.

2.3.2. Passerby movement

Based on the theories described above, phgserspeople going about their daily
activities who have the potential to provide ambient guardiéifstsipn, 1998)r

regulate behavio(iiethe and Meier, 1994ill also be expected to influence burglary
decisions. That said, there is no general consensus in the theories or related research
regarding thisffect. To explain, recall that Jacobs (1961) suggested that guardianship is
provided by everyone (not engaged in criminal activity) present on a street, as their
presence provides O6eyes on the streetdo a
contrast, Newmarf1972; see also Coleman, 128§lues that whether the aemb

population deters crime depends on who is present. That is, informal guardianship is
expected to only be provided by those who are residents (or local people) and only in
places where strangers @aoal people) can be identified. Similarly, thei¢seby
Felson(1995)and later Reynal@011)s ugg e st t hat a personds
guardian and how much they will deter crime will depend on their attachment or

proximity to an area.

While these theories are not unreasonable, the findings from quantitative research
intenced to test them is mixed and can be broadly divided into two branches of research.
The first, which includes older al@ael (White, 1990and more recent strdevel

studiege.g. Armitage, 2007; Beavon, Brantingham and Brantingham, 1994; Johnson and

Bowers, 2010; Hakim, Rengert and Shachmurove,g2@@@dally suggests that areas
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which are expected to have greater oJeredls of movement are more likely to
experience crime. In contrast, the second branch of research, which utilise the space
syntax methodology to biesscussed n Chapter 3, generally f
ideas that locations which are expectedvi® dr@ater amounts of movement have less
crime(e.qg. Hillier, 200€hihrFeng Shu, 2000; see also Nubani and Wineman, 2005 for
an exception)Others also find that streets which are characterised as being more likely
to be used for localized movement tend to experience les¢Hiliiereand Sahbaz,

2008) It should be noted that the second branchsefareh tends to be weaker in terms

of the statistical methods employax.example, they tend to rely on descriptive statistics
(ChihFeng Shu, 2000y fail to account for otheraviables known to influence crime
(Hillier, 2004; Hillier and Sahbaz, 2088)such, and while its precise effect is currently
debateable and open to further research, {iyssevement, either in terms of overall
volume or the volume of the differentdgpof people (local or néwcal people) is

expected to influence offending decisions.

2.3.3. Other factors

Along with thesénfluencesthe theories described in Section 2.2hadstight other
factorsthatare expected to influenoffender decisiemaking First, and according to

the rational choice perspectoféenders weigh up the patial rewards from an offence

burglars would be expected to prefer more affluent dwellings where greater proceeds are
expected. While this is supported by research whgbssugurglars are financially
motivated(e.g. Maguire and Bennett, 1982; Rengert and Wasilchickcdr8&ssely,

more affluent dwellings would be expected to have better security measures (e.g. burglary
alarms). Therefore, and calling upon the rational choice perspective again, they may be
riskieror may be more difficult to break into and so require more bftod.affluent

properties would be therefore less likely to be targeted.
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Burglary location cheais are also likely influenced by the levels of social disorganisation
(Shaw and McKay, 1942¢cial cohesion and related concepts in a neighbo(etgod
Sampson and Groves, 1989; Morenoff, Sampson and Raudenbudih&081) terms

of how closely knit the neighboadad is and so how willing residents may be to act
collectively as guardians against cumieh has been shown to play a role in

neighbourhood crime rat@sg. Bruinsaet al.2013)
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|l ntroducti on to
met hods

In Chapter 2, the importancembvememncluding that of passdrg in terms of being
potential guardianrsn the crime evg was shown. In the current section, the current
approaches for counting or estimating movement are introduced and dissudsad.
argued thatonfigurational network mathddseloped and used in the fields of graph
theory and space syntaxtheemost promising method for estimating movement. These
are examined in further detail ahe televant terminology and technical material for

these methods are also introduced.

3.1. Introduction

As already identified, the ability to measanement flosgsa key role in testing many
of the prevailing perspectives in environmental criminologybéihgtsaid, given the
costs, thether resourcageededand theadditionaproblems with automatéelg. CLIP,
2007)and manuale.g. May, Hopkinson and Turvey, 12@ints ofmovement, the
current focus in related research are methods for estimatglgena Although some

methods such as simulatioror agenbased models are not well established for
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modelling larger urban aréagy. Cliftoret al. 2004)and so arenot discussedhese
methodscan be divided into four typgeerceptidanduseroad typend configurational

methods.

3.2. Perception methods

Perceptiorbased methods are those that attempt to estimate movement flows, typically
on an ordinal scale.denone, light, moderate or heavy traffic), through surtieging
perceptions of traffic. That is, without dimgctattempt to count pedestrians or vehicles.

This method has been used in previous criminological research in two ways. The first is
through surveying independent observers (e.g. researchers), for example, where
LoukaitouSideriset al(2001)had two researchers visit streets to estimate vehicular and
pedestrian traffic oa three point scale (light, moderate or heavy). Likewise in Luedtke
(1970)where surveys of pedestrian traffic were conducted by field staff and in Harold

Lewis Malt Associat€s973)y police officers.

The surveying can also be through-independent observers (e.g. residents). For
example, in Hunter and Bauni®82)who interviewed 556 adult residents and asked

them on a four point scale how many people duengdgytime and aftdark would be
oOéusually on the street in front of [the
regarding vehicular and pedestrian traffic in Fow[#®®)and regarding students in

Dietrick (1977) In addition to thes¢here arether studieshattry to estimate traffic

levels through monitorirtgaces of preserateas parked vehicles being present and/or

chil dr en & ¢BrowvroapdsAltman, 1982 Pathlant and Baxter,.1975)

Although these methods are now generally unusestjliingportant to consider thei
advantages and disadvantages. The major advantage, as suggested in Hunter and Baume

(1982)and Loukaitotbideriset al(2001) is that the estimates can be easier and quicker
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to collect than actual counts. This will be particularly true when usindepamdent
observers such as residents who can be contacted remotely, for example, by phone in
Fowler J(1979) A key disadvantage as discussed in Moteyaiia980)s that whilst
behavioursuch as offending, will likely follow h e o fsubjective percépsons of

traffic rather than actualcott s, t he offenderds and the ¢
match. This is supported in terms of independent observers where L-&idaricet
al.(2001)dropped their measures fromithe anal yses as the two
proved to be too subjectived (p.211). The
ability to assess traffic where Fowlét@r9¥ound that actual changes in traffic counts

were relatively poorly reflectedheir perceptions data (Jedle3.1) whereablewman
(1996)found in theirstudythat a (36%) decrease in traffic was recognised by 73% of
residents with only 14% thinking there avasicrease in trafiisee also City of Dayton,

1994)

3.3. Land use methods

The £cond type are latuge methods, also cakbédtch plarethodgCliftonet al.2004,)
attempt to estimate or approximate movement flows as a product of the presence (or
absence) of various thuses. Although not explicitly used within criminology, parallels

can be drawn to studies @ime generai@rantingham and Brantingham, 1995; see

Table 3.1 The observed and perceived changes in vehicular traffic beten 197
and 1977. Adapted from Fowler Jr (1979).

Perceived Change in Traffic (Surve$)

h in Traffi
Change in Traffic About the

(Actual Count) Heaviert Lighter?
samd
Blocked Streets -75% 21% 48% 21%
Narrowed Streets -17% 14% 65% 21%
Untreated Streets +5% 35% 64% 0%
1 Percentage of respondents
2Based on the questioninthe 18771 y survey: O0éhow about

pass in front of your home during the dayould you say the traffic is heavier than it was a y
ago, lighter, or aboith e s ame ? 6
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Environmental criminology) terms otthe land uses which tend to be analysddare
generatoffiese analyses in effect assume traffic volume corresponds to the presence of
various types of premigesy. Andersoet &, 2012; Davison and Smith, 2003; LaGrange,
1999; McCorett al. 2007; Pablant and Baxter, 19T&at is where presence can be
measured in various ways from being present in t{®awison and Smith, 2003)
nearbyPablant and Baxter, 19%binore sophisticated measures such as their proximity

(Andersoret al.2012)r their (kerneéstimated) densifiicCordet al.2007)

Outside of criminologythese methods have been far more explicitly used to model
pedestrian and vehicular volumes including being evaluated against actual count data (see
Table 3.2nd also Appendix A for a comprehensive Tikis is done by collecting data

on a range of vahkes at and around count sites which are expected to influence
movement flows. Multivariate regressions are then conducted to calculate their
relationship with the observed count data which can then be used to estimate counts
where actual count data is notlected. The first of these studies, by Pushkarev and
Zupan(1975)and Behnam and Pa(&B77) attempted to predict pedestrian volumes
(almost exclusively) using the surface drédferent types of landses at the count site

and achieved modest adjustedalues (0.20.60). Later studies incorporated a greater
variety of variables including those relating to the infrastructure itself which may attract
or deter traffic such #ise presence of a sidewalk or the width of the adjaceiie mad

Qin and Ivan, 2001)rhey also included variables related to demographics such as
residential and employment populations or dergsitiesSchneider,ald and Ragland,
2009)and the presence of facilities such as metro stations and @&bo&8shneider,

Arnold and Ragland, 2009)

Whilst there are limited diagnostics of the models (see also below) irube stundies

reviewed (seEable 3.p certain variadé and models can be identified which appear to
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correspond to models which better fit the data (summarictolé3.2). In terms of the
pedestrian volume prediction models, they tended to include variablie dboation

of high activity areas, transit stops, universities/schools and measures of the
employment/commercial and population/household density. These models tended to
achieve?values of around 0.80. In comparison, the vehicular prediction matkals ten

to incorporate variables concerning the type of road (e.g. number of lanes) and its
accessibility to a highway along with measures concerning the presence of a high activity
area and population/household and employment/commercial densities. These also

tended to achievévalues of around 0.80.

Many of these studies however lzanember oiveaknesses. For one, and as said above,

they tend to have limited diagnostics of their models. Many tendrepwerfvalues

Table 3.2: The four best fitting land-use models (and the variables used witr
each model) for predicting pedestrian and vehicular traffic.

Pedestrian Models Vehicular Models
1 2 3 4 5 6 7 8

Access to highway

Bus routes/frequency

CBD or other high activity area
Employment/commercial density
Land use mix
Population/household density
Road type (Inc. number of lanes)
Slope/gradient

Street/path length

Transit stops / stations
University campus / schools
Other

Adjusted # (or equivalent) (x100) 80 90 80 79| 74 76 87 80
Linear Regression ’ ’ ’ '
Loglinea Regression

Poisson Regression
Geographiaveighted Regression
The laneuse models are from the following papers: 1 Qin an2®d@) 2 Schneider, Arnold a

Ragland2009) 3 Schneidaat al(2013) 4 Tabeshian and Kattg#914) 5 Mohamaet al(1998) 6
Zhao and Chun¢2001) 7 Zhao and paif2004) 8 Anderson, Sharfi and Ghols{@006)
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for assessing fits and compaaiibernative modelgven when the numbers of regressors

vary. Few papers also conduct evafidation exercises that could reveakdtiag.

Very few also evaluate against models from other (fapdhe exception see Yang,

Wang and Bao, 201#hich would not only allow comsams between established
alternative models but would also allow the generalizability of the models (and their
estimated coefficients) to be assessed. As it stands, little is known about the efficacy of

most of the models (particularly) outside of thenafigtudy area and sample.

3.4. Road typemethods

The third type of methods for predicting trafficraeel typebased and thesstimate

movement based on the type of road or types of roads.neadigrt with the more

basic of these, Whi@990when examining burglary risk suggested that certain types of
roads, categoricatlgfined arterials (or main roads), will contain greater volumes of
(vehicular) traffic. From this, and at the areal level, they consideradhbatir@ods
having more roads directly connected to
movement é (p.61) and therefore greater (
Rohe, and William@982)and Greenberg and Roff984)both considered that US

census blocks bounded by major thoroughfaresdfaixlane arterial roads), for which

they reference Garding®78) n descri bing them as oOoOmovem
also experience greater traffic. This approach is etso uablant and Bax{@975)

who i n their asacbhsesvadadivitgdssiderdd if the sshoohgooandsd s

were delimited by commercial streets.

Instead of categorical definitions méjorand minorroads, other papers have used
hierarchical ordinalrste e t classifications. Il n Beavon
study in Canada this was according to a

(1994, p.126)here roads were defihasfeederminor arteriesajor artermshighways
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This was similarly done in Davison and S
on each category except that the | owest i
hi ghesentfre¢gfr emgpavi soheanegsd$mith, 2003,
section, para..2n the (only) equivalent UK studghnson and Bowe({2010used the
Ordnance Sur v ey 0tedesigndte steetadgmentbmaos regakinorc at i o
roadsocal rogds private rogds well as manually codtmglesact® contrast witlthrough
roadsbased on their intended type and level of use. This paper also includes the type of
road each genent is directly connected to which may also affect its volume of traffic. In
addition, although this is the only paper that specifically considers tbrslefirst
connectivity, others have incorporated similar measures such as proximity to certain types
of roads or other features. In particular, Hakim, Rengert, and Shaclia@@v2001)
considered proximity taghway exits whereas DietritR77)used separate proxies for
vehicul ar traffic: the number of bl ocks
entertainment complex; and the number of blocks to the nearest school and park for

pedestriarraffic.

Although the network methods presented so far are relatively simplistic, this is a key
advantage as they can be calculated for large study areas quickly and are easy to interpret.
They also, perhaps surprisingly, correspond reasonably wellemthdotaffic counts

(seeTable 3.3). Pennet al.(1998)found route hieraréghyLondon (UK) correlated
reasonably wel/l (r = 0.81) with vehicul a
Broward County (FL) founad classification 0.84) and number of lanes (r = 0.77)
correlated well with vehicular traffic whereas beingydirennected to an expressway

(r = 0.48) and the distance to an expressway exit (r = 0.20) di¢2664)3dis is also

shown with the mean vehicle counts on the different road types from Zhao and Chung

(2001pndLavr y 0 s st u dy (2014)seklaldeS3) @n tife lotbey hand, and
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Table 3.3: The observed mean hourly numbers of vehicleend pedestrians fc
different classes of roads.

Vehicular Pedestrian
Counts$ Meari Count$ Mear} Count$ Mearg
Principal Arterial 184 142 37 504 6 15
A-Minor 162 39
278 92 47 152
B-Minor 75 38
Collector 305 42 107 157 58 32
Local 49 25 150 32 63 25

1 Source: Zhao and Chu2@01) counts based on automated pneurhaii (axle) counters.
2 Source: Lowr§2014) counts based on automated pneurhdie (axle) counters.

3 Source: Lindsey al(2012) couns based on field observations (for pedestrian and bicycle
and also magnetic loop detector counts (for bicycle traffic).

4 Separate figures are not presented for these as they were aggregated into minor arteri
their respective papers.

as also shown rable 3.3in the study in the City of Minneapolis (MN) by Linetsaly
(2012) road classificatioes not appear to correlate as well for pedestrian and bicycle
traffic, though there still somewhat tends gréater traffic on the more prominent road

types. This is clearer when the main roadpyipeipal artefiaese ignored, as they may

not be suitable for these modes of travel.

3.5. Configurational methods

In addition to these relatively simplistiad type-based methods, there is also a related
family of sophisticatembnfigurational meffioelse methods were developed in the fields
of graph thearydspace synéaxi function by abstractly representing the street and road
networks as graph of interennected space¥hosegrapls are then analyseding
configurational measurts estimate the parts of the graph which are most likely to

experience movement.

Owing somewhat to the work fraspace syntdnere have beenlatst 78 studies (see

AppendixB) assessing these methods and are often cited as explaining between 60% and
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80% of the variance in movement fldeug. Hillier and Vaughan, 2007; Penn, 2003)
While this performance sgmilar to thatchieved by the lainde methods (but likely

better than the other competing noetk), configurational methods have several other
advantages. Foremost, unlike the-lssadmethods, configurational methods have been
replicated, applied, and tested large number @fties and countries around the world

(see aboveTheyarealsoalready relatively frequently, amatcessfullyisedin analyses

of crime(Johnson and Bowers, 2010; Davies and Johnson, 2015; Frith, Johnson and Fry,
2017) A final advantage is that how these methods are calculated and can bdlyheoretica
justified, their modification and application to the understanding of individual movement

(see Chapter & relatively straightforward.

These methods are therefore used in this thesis. Hotlveserconfigurational methods
can be computed in many wagcludinghow they convert and represent the street
network as a graph, what measure they use to analyse the resulting graph, and what

parameterthey use wittihe measure$hese are now discussed.

3.5.1. Representations

Prior to analysing the street netwdrkjust be transformed intgyeaplandrepresented
mathematically as a collectioneticés) andedg€®) which represent ghconnections
between verticeghis translation of the street network into a graph can occur in two
main ways. The firsd@ most direct way, but relativetzommonn theliterature, is the

primal representadiien® zeredimensional cartographic entities (e.g. street junctions) are
represented by their equivalent graph entities (vertices)-aindemsonal cartographic
entities (e.g. segments between junctions) by ¢duge (see also Porta, Crucitti and
Latora, 2006b)In the second and often describadtl@e indirect way, theual
representatitims is reversed where the connections between junctions (e.g. street

segments) are represented by vertices and the junctions (where street segments intersect

56



Chaptel3: Introduction to configurational methods

and connect with each other)dolgegsee also Porta, Crucitti and Latora, 2006a3je,

and the difference and translation betweetwib, are shown belowfigure 3.1Whilst

the former may be more intuitive and r.
appearance, the latter is favoured for a number of reasons. For one, the dual
representation is said to represeninfioematiopacef the network in terms of how it is
articulated and navigat@dasucci, Stanilov and Batty, 2014; Rasvall 2005) For

example, how people navigate from segment to segment rather than junction to junction.

It is also preferred as the configurational meatsyieally analyse vertid€ucitti,

Figure 3.1 Maps illustrating the construction of primary and dual graphs (using
street segments) of the street network of a village (near Chesterfield, UK).

Maps showing the original roadwak (a), the primary graph where vertices have been ac
junctions and edges have been added between vertices (b), where edges are represen
vertices (c) and the dual graph where the junctions have been replaced by edges (d).
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Latora and Porta, 2008here for example, when modelling traffic, it is the traffic along
a street or street segment (represented as vertices in duahgriaphsually of interest

rather than that at a junction.

Given dual representation, the literature uses a number of diffggsraim which to

construct the vertices (see Figure 3.2). The most fundamental of these and what could be
considered thetandard graph theoretic definition is thastoéet segmdittsse are

formed using street centreline ds¢® also Dhanagtial.2012; Turner, 2006y taking

sections of the street network between two juncbiohetween a junction and the

st r e eqfoidtgseecFigute 3.2a). That is, between locations where there is a choice of
direction. These are advantageous as they are at the resolution at which the network is
traversed in that navigation is from segroesggment and each is traversed in its entirety

if it is on the path (except at origins and destinations). That said, they are not likely to be

perceptually discrete which limits the plausibility of using certain impedances (see below).

Given this and hosome research suggests how routes may be chunked and adjudged by
the number of cognitivetiistinct sectionfAllen, 1981; Allen and Kirgsi®85) there

are other representations, including those that aggregate street segments, based on some
continuity to build what are likely to be cognitively distmitstThe simplest is semantic
continuitywhere street segments are aggregated, eeserged as vertices, if they share

the same street name to fanamed strédiang and Claramunt, 2004; see Figure 3.2b)
Oftent hi s aggregation ignores street name (
and t®hhdqgu al t hough the reverse is possi bl e
incorporates some cognitagpect of the urbanvironment that we use to navigate, it

is not without problems. For example, as noted byelialigjang, Zhaand Yin, 2008)

there are difficulties when data, such as street names, are in@dsgyetten including

path data, the paths may not be named or otherwise uniquely referenced.
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Figure 3.2 The street network of a village (fronfigure 3.1 represented with
different units.

A) Street segments, B) Named streets, C) Axial lines, D) Minimal fewest lines (DepthM;
Ordnarce Survey road casings), E) Axial segments (with stubs removed);dangsdtl
natural streets (45°)
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Vertices can also be defined from the street network using viaitjgllar continuity.
Although not formed from street segments themselves, the most popular case of this are
from space syntax and the work beginning from Hillier and Ha®82) The first of
theseaxial lines, are hadchwn to break up continuous open spaces into the fewest and
longest straight lines that pass through every accessib{Eliiacnd Hanson, 1984;

see Figure 3.2¢)hey can be thought of as lines of gigahnet al. 1998where each

line is a vista covering the area that can perceived from a single poin{Jdngew
Claramunt and Klargvist, 200@Being handrawn, however, is a major point of
contention as the representation must be arbitrary where the same system can plausibly
be drawn di#frently by different people and even by the same person at different times
(e.g. Batty and Rana, 2002gse slightffierences, and they only need to be gkiti,

2004b; a; see also Hillier and Penn, 2€@4yesult in different systems and results.

Whilst there is this subjectivity in hanawn axial maps, attempts have been made to
automate theirconstut i on. For exampl e, -lhynet hrea pidn twhc
builds lines of sight between inteible verticegPennet al. 1997) Using greedy
algorithms, the map -miami méle ns etes & eafuc@fde
further reduced Oomini mal fewest l ines wh
(Turner, 2004; see Figure 3.2Zdjhough these are again, and problematically, not
necessarily unigBatty and Rana, 2002notherkey problem with all types of axial

lines, particularly as they can be of unlimited I@agjtion, 2001)s they can aggregately

obscure any differences in syntactic values and people counts along the line. To overcome
this latter problem, andow the predominant approach within space syaks

segments were introduced. For this representation, they take the original axial lines but
break them at intersections into the axial segments which are then treated as vertices in

graphgDalton, 2001; Turner, 2001; see Figure 3.2e)
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This Gestalt principle of visible continuity can also be applied to aggregating street
segments into cognitively meaningful units. The resultingaunggenerally referred to

as -O0sgamni sed @iangand &il, 200%; Thenesbons 2D04; Figueiredo and
Amorim, 2005)In this process, the street segments are combined with neighbouring ones
if their deflection angle is below a-gee thresholde.g. 45°) (see Figure 3.2f). This
combining can occur using three different strategies, but the one that yields unique sets,
i's t testf 0 61 [@Biang, dtae apg Yin, 2008)this, every combination of

street segments meeting qiirection are ranked based on their deflection angle. The
combinations with the smallest angles (below the threshold) that are not involved in other

combinations with smaller angles (at that junction) are then joined.

3.5.2. Measures

Given these representatiotig resulting graphs are generally analysedasatgpns

of four key measures. Six of these using the street segment representation (see earlier) and
angular impedance (see later) are shdvigure 3.3Starting with the simplest and most

local becaise it only lools a t i mmedi ately nei ghbouring
d6connectivityd as it I[FigurelB.Baolhisnis calculatedias s p a

the number oédgesncidentto a vertexand can be denoted fogrtexQby.

QQQ Q0 (1)
A related measure, and one which is only
Figure 3.B). This is described as a measure of how much a vertex controls or offers
accss to and from its neighboukillier et al.1993) It is calculated as the sum of the
reci procals of 6degreed wpsuchtha forovdrte® t s di |

P e P (2)
OEEOL € KECOAA

N
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Figure 3.3: The street network of a town (Chesterfield, UK) analysed with si
different measures.

A) Connectivity; B) Control; C) Closeness (no radius); D) Betweenness (no radius); E) (
(1000m radius); F) Betweenness (1000m radius). The measure scores are coloured fro
(low) to red (high).
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There are two other measures that are po|
which when normalised in space syntax cal | ed O0i ntegrationdo (
each vertex as the inverse of the mean shortest distances from itself (the focal vertex) to
all other verticegFreeman, 1979pee Figure 3.3c). Thatifishe shortest distance
betweerhe focal vertext) andall other verticedJlis denoted b then closeness can

be calculated by:

A 0 1’1

Ga el Qe i (3)
11 i
u U

Closeness can also beiripteted as the accessibility of a vertex, or in space syntax terms

t hem@t®ment 6 p ot Eilieri2805)in that a apace that is eloser to

more spaces is more likely to be visited (and therefore experience more movement or
traffic).) Onhe ot her hand, Obetweennessdo, also
syntax (see later), is calculated for each vertex as the number of (shortest) paths from all
vertices to all others which pass throu@aréeman, 197(3ee Figure 3.Bdrormally

this is defined as:

QOO0 QQE & Qi i
FheXo) ( 4)

W R

Where, denotes the number of shortest paths between véoesand, Q

denotes the number ofdase that pass throu@h Betweenness iisterpreted in space
syntax asmonhemdnthd op g th(Eliier, 20@3andadn bedlikened r t e x
to a simplistic model of how people move around the city, approximately from
everywhere to everywhere glsing the shortest routes; and where these routes overlap,

a greater volume of -poesence is expected. It should also be noted that the different
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implementations of each metric in different software packages can result in slightly

different metric sces and analys@se Varoudet al.2013)

Closeness and betweenness can also be calculated at a localised scale and with a weightin
scheme. In terms of the former, this is where the current meaantég gach vertex

in terms of the entire network. However, some types of movement, for example
pedestrian, likely are not influenced by distant configurations. To recognise this, a radius
may be used that excludes vertices from the metric calculatoe theertain distance

away from théocalvertex (). That is if the radius is denoted kifien a condition of

Q i (for closene3sandQ i (for betweennepss supplied. For closeness, this

limits it tocalculating the inverse of the average distance to vertices that aré at most
away.Similarly, with betweenness where the routes calculated from each vertex is limited
to those that are at masaway Although space syntax tends to set these radii arbitrarily

to optimise empirical resulesg. Hillier and lida, 200%)theoretical justification could

be to model realistic journey lengthgre, for example, only destinations up to 1km are
used to model feasible reehicular (pedestrian) journeys ksgere 3.8 for closeness

andFigure 3.Bfor betweenness with this radius; see also impedance).

Weightingcan also be applied to accoamtrfonequivalent vertices. For example, and
considering betweenness, it would be expected that there are more journeys to and from
verticeswith large numberof buildingsvertices with fevar none.Although rare in
published analysesyioustypes ofwvaghtingcan be usedcludingts street lengtle.g.

Chiaradia, 2007; Turner, 2007 see also Chapter 5)

3.5.3. Impedances
Calculating these measures and setting radii requires stipulating some measure of

impedance or distance. That is, many of the measures (e.g. closeness and betweenness)
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rely on defining O6shortest pat hsod, but
debate on how distance is conceptualised. Also, and although there is soniersuppo
certain wayfinding logics, their use can be problematic in conjunction with some
representations. Nonetheless, and although Golledge and (@ad)gst 24 types of
possibleroute selection criteria, the literature predominantly use three types of
impedances. These are illustrate@igare 3.4vhere even in the small network, the

different impedances (and representations) can result in different shortest paths.

Originally, spce syntax defined distatay@logically where the distance between spaces

is the number of steps (spaces) that must be traversed (see the greehigouee3.yh

For axial line (and to some degree natural street) analysstepiasée intergted as

changes in direction; as (directly) onward travel is along the same space so no distance is
accrued whereas any non (directly) onward travel is to a different space so a step is made.
However, with axial and street segments, directly onwartegeoral an intersection is

to another space so a topological step is always accrued. In this case, it is essentially
counting the number of intersections. This difference in realisation is not trivial as it
bifurcates the empirical literature which haséacan the former (turns) and generally

found encouraging evidenf®ugmann and Coventry, 2005, 2008; Hutcheson and
Wedell, 2009; Jans®@smann and Berendt, 2002; Sadalla and Mageltli®&§h other

studies have found mixedanse®smann and Wiedenbauer, 2004, 2@0®)
unfavourablgBriggs, 1973; Herman, Norton and Klein, 1988)lts. This can be
compared to the studies which consider and find a relationship between distance and the
number of intersectiofSadalla and Staplin, 1980b; for an exception see Nasar, 1983; see

also Sadalla and Staplin, 1980a)
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Figure 3.4: Shortest paths between two locations according to differer
units.

impedances and with the street and path network constructed from differer
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Shortest paths between the two locations usindga (red), topological (green) and metric
(blue) impedances on A) Street segments, B) Named streets, C) Axial lines, D) Minimal

lines (where there are two equal topological shortest paths), E) Axial segmeiatis)c)i stxelf
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The validity of topological distance is also questioned because of other (relatively recent)
cognitive wayfinding research. -ddmnant i s,
f r a me Montello,61998)f spatial microgenesis by Siegel and \(II8T&) based

on Piaget and col | eag ueg Bagdt ind lohelger, 2956) s p a t
posited that spatial knowledge developsdistinct stages from topological to
topographical Given this, and that spatial knowledge appears to develop over a
yea(Evans, 198@)ut our primary routes are determined quickly and can be in as few as

5 or6 route attemp(Rogers 1970, cited in Golledge, 1999¢emed likely ouvutes
aretopologically determined. However, as identified by Mo(i8B&) the idea of
longitudinal sequential stages is contrary to much of the research. For example, research
(e.g. Brunyé and Taylor, 2008; €bal.2005; Garlingt al. 1981 Herman, Blomquist

and Klein, 1987; Holding and Holding, 1989; Ishikawa and Montello, 2006 eK&dtzky

1990; Loomigt al. 1993; Montello and Pick Jr, 1993; Rueldd. 2011)shows that

people can synthesise topographic information relativahtansously. This can also

occur concurrently with or before acquiring topological knowledge; and that this
knowledge is quantitatively refined. As such, models of human wayfinding should

incorporate topographic detail.

Although largely independent tasthesearch, and in fact partly proposed to overcome
the segment prolfgera below), space syntax introduced angular d{Stame, 2000;
Dalton, 2001; Turner, 200Here, the distance between two spaces is measured by the
sum of the angular changgsntersections along the route (see also the red routes in
Figure 3.1 As such, it broadly follows from topological and the same research except

that it recognises that turnings of different magnitudes can be c{(§adsdth and

1 Topographical is used to refer to h@pological representations (e.g. they incorporate angular
and/or metric spatial relationships)aioid confusion with terms that are used elsewhere, such
as Ometricd and O6Euclideano, which al so have
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Montello, 1989)That said,hte extent to which turnings of similar magnitudes are
discernible is not incorporai@dontello, 2007; see also Turner, 200w use of angular
analyses however does remedgehenent probldat is, for axial segment topological
analyses, when a linepag@xial line) is broken into its constituent segments there is a
step cost étween each segment despite being linearly connected and no true turning
being madésee also Frith, 201%) contrast, using angular distance, lireamiyected

axial segments cost nothing to transfer between as the deflection ar{gkeisl6

Turner, 2001, 20Q7)

In contrast to the geometric impedances that ignore physical distances, distance can also
be defined metrically. Althouglss commonly used and arguably underydoedello,

2007)in space syntax analyses, the metric distatveeeh two spaces is the physical

length of the route between them (see also the blue rdtites@3.4 It is worth noting

that metric distance does not combine well with axial representations due to their
abstraction of geograptitaclidean form. Ats and as noted earlier and despite its
simplicity and relative plausibility, th
cognitive representations of distances are inconsistent with metric distance. That said, and
while features such as tursese( earlier) may distort the relationship between actual and
cognised metric distances and that the relationship may §€#deailader, 1973; Day,

1976; Howard, Chase and Rothman, 19®8jlinear(Briggs, 1973; Sherman, Croxton

and Giovanatto, 1978j either(Canter and Tagg, 1975; Wiest and Bell,; 188%)are

often strongly correlated. For example, with correlation coefficients above 0.80
(MacEachren, 198&0d 0.9¢Cadwallader, 1973; CanterBagg, 1975; Howard, Chase

and Rothman, 1973upport for metric distance can also be found in the research cited

assupportitgrnsbased distance as regardless of the number of turns, longer paths are
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(still correctly) recalled as longer than théestpmathge.gHutcheson and Wedell, 2009;

Janseit©smann and Wiedenbauer, 2006)

While there exist principal impedances for which each analysis assumes every individual
follows the same logic, and they can in fact generate very similgje@uiaford,
Chiaradia and Gil, 2008)must be noted the literature suggests there may be systematic
differences between individuals. For example, strangers may first navigate according to a
topological or angular distance befdeveloping metrically optimum paths as they
become more familiar with an g@&anring and Dalton, 2003; Turner, 2009h)s even

extends to where it is suggested that complete newcomers to an area mayingvigate us
highly locatonnected vertices (degree) before adhering to the routes predicated by global

measures such as closeness or betwe@dagsnd Zimring, 2003)

Also, and while these impedance attributes hdse ls®@en discussed in terms of their

use in dictating shortesitps, they are also used in determining radii. That is, as explained
earlier, to model and include only realistic movement (lengths). Setting radii using metric
distance can easily follow other research. For example, the mean walking journey length
found n national travel surveys can be used for this purpose. However, for other
measures of impedances, calibration is less straightforward. For example, how much
angular change can be considered the limit to a normal pedestrian journey? That said, axial
line analyses often set topological radii, typically where local equates to lines up to three
steps away, but this is largely an arbitrary limit. Furthermore, using metric radi with non
metric impedances appears contradictory as it states that a persos usivigaiae

logic but limits journeys according to another. This also causes other problems such as

illogical destination and/or route choi(sse Cooper, 2015)

Using radii can also remove Oedge effect:

unless the study area is-sefftained (e.g. an island), whategandhary is used there
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will be units outside it that are not included in the metric calculations. If these external
units are not uniformly or symmetrically distributed, their omission will bias the results.
However, byadding a buffeandincluding that @a around thetudy area (that is of
interestfor computatiorpurposes only and then discarded, all units that can affect the
study area are included in the metric cal
exi st but theyfenl|l greédadewhi thei §bsubseque
noting that in nomadii analyses, the setting of the wider area around the study area (also
called the catchment area) is a point of contention for the reasons explained above.
Despite this, sonsudies (including where radii are used) analyse their study area as an
independent area (without a catchment area) and therefotieeamfiuence of other

units.
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Appendix A. 22 reviewed land use movement modelling studies
Predicted Main Preferred Model

Authors Study Area. v riaple Predictor Variables Type Data Sites AFgg Other Notes

Distance to nearest transit station St. error:

(ft.) Avenue (midday 344 0.35 43.5
zr‘fjgkfgg‘é Manhattan, .. Office floor pace (§ n  Avenue (PM) 261 060 316
(1975) NY (US) Restaurant floor space)(ft Street (midday) 228 0.22 39.0

Retail floor space )t Street (PM) 179 0.51 346

Walkway space 3t

Manufacturing Space?|ft

Parking Space3ft

Residential Space)(ft Hourly
Behnam . Vacant Space 3t
and Patel {\A/I/lllwaukee, Pedestrians Commercial spaceft LR extrapola_mdz 20 0.24 R=0.60

(Us) from 6minute

(1977) Cultural space it counts

Entertainment space?jft

Office space @

Storage and Maintenance Spade |

Non-inclement Also ran other models with more

Has sidewalk weather, predictors: Model 1 had 13 (atff r
Qin and Connecticut Logged Road is 2ane highway LLR weekdayand 32 0.80 0.89); Model 2 had 6 (adF10.82)
lvan(2001) (US) pedestrians Is campus area weekend count, ' and Model 3 had 5 (adj=r0.81)

Is tourist or downtown area between 8am RMSE is also calculated which for

5:30pm the preferred mode is 0.61

Total population within 1mi For 7am7pm also ran similar
Pulugurtha : . s : models with 0.25mi (adj=0.17
and Repaka (NS?:a(rS)ét)e, Pedestrians gtrzt))an residential area within 1mi LR 7am7pm 176 0.20 and 0.5mi (adj? ¥ 0.1(3)CaModeIs)
(2008) were &0 selected between based

No. transit stops within 1mi
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7.9, 1mi =9.2)(Mallows 1973
Models were also run with same
buffers for 78am, 1@l1am, 12Apm
and 56pm with adj.zrof 0.130.19,
0.110.21, 0.1-8.21 and 0.68.13
respectively.

Presence of bike lane
Job density within 0.25mi
Residential use within 0.0625mi

Also estimated 11 other models

Liu and San (1/26mi) Weekdavs 2:30 some with fixed buffers for all
Griswold Francisco, Pedestrians Transit stops within 0.375mi (3/8n LR 6:30pm ys < 63  0.72 variables and some using backwa
(2009) CA (US) Population density within 0.5mi ' elimination. Adj.2ranged between
Mean slope within 0.0625mi 0.490.75.
Diversity of land uses within
0.0&5mi
Extrapolated
Schneid No. rail transit stations within 0.1 weekly volumes.
A(r:nglgll :rz’d San Pedestrians Population within 0.5mi From: Tue Wed Other models were ran with agj. r
Raglaﬁd Francisco, (crossing  Employment within 0.25mi LR Thu 122pm or 50 0.90 vaIL_Jes of 0.80.91 (hlgher_ model
(2009) CA (US) volumes) No. conmercial properties within 3-5pm; Sat:9 omitted due to data requirements)
0.25mi 11lam, 12pm or
3-5pm
Also ran other models including tv
using stepwise method (adlf r
0.5% 0.94) and two others (adj=r
. Employment density within 0.5mi 0.460.47). Also suggested
\(Jzogle(;t al. gaAn(Blse)go, Pedestrians Population density within 0.25mi LR \é\{/ien(]ekdaysﬂ 80 052 orefinement f ac

Is there retail located within 0i5m

72

predictions could be adjusted bas
on a weight where a criterisrmet.
Final model had a mean residual
5.
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% Pedestrian Commuters
Person per residential acre

g?ig(iansglr?g' Employges per namasidentigl acre Variables ajba'_[ed scores based ol
Jonestal. San Diego, Destination Population over 65 per residential Weekdays,7 (apparent) arbitrary mllestone_s (e.
(2010) CA (US) Model acre 9am 80 0.38 more than 25 persons per residen
(Genertors Population under 16 per acre acre in the census block scores 6.
) Disabled population per residentie 25 scores 4 andblscores 2.
acre
Mixed land uses
Major transitenter
Major transistops
. Other transit stops
g?ig‘ianstgr?g' Elementary schools
Jonegtal. San Diego, Destination Universities and Colleges Weekdays,-7 80 034 Variables allocated scores based
(2010) CA (US) Model Middle Schools 9am ' their distance from the unit.
(Attractors) Nelghbour_h(_)d Civic Facilities
Retail Facilities
Parks and Recreation
High Schools
% Major arterials within 400m
Bus stations within 150m
Commercial space within 50n%)(m Also ran an NBR model antR
Logged Is fourway intersection Aggregate ;T;(idg I554f o(r) )(AS\('\)/I n(;) gg’?gsdngi\fgldyj).
Miranda : Logged distance to downtown T MR e . )
edestrians . 8hour). From: Main model is validated using 209
y;fgﬁdigd l(\él:c;r:;%aal) _?on _ ggsglifgﬁtmﬁhiggiomqm LLR \(Neekd?slys—Bam, 1,018 0.58 of intersections against modgl bui
(2011) intersection Schools within 400m 1lamlpm, and from other 80%. Correlation
S) 3:306:30pm between predicted and observed '

Street segments within 400m
Subway stations within 150m
Very cold (min temp <= 26)
Very warm (max temp > &2

73

r=0.72 (p<0.01) with NRMSD =
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Population within 400m
Commercial within 50m gn

i No. jobs within 400m
mg?;%a No Jschools within 400m Validation computed with 20% of
Morency, M | Pedestrians Presence of metro station within From: 7:30 |nthers%%t;)ns using (rjniggls_ built fr
and E} ontreal - (at = 450m LLR 8:30am, 12pm, 509 054 Other 80% (repeated 100 times).
Geneid (Canada) intersection No. b ¢ ithin 150 41305_3’0 m ’ ' Mean correlation between prestict
4y S) 0. bus stops within Lo50m 9E0-3UP and observed was r = 0.72 with

(2010; see % roads are majortarials within NRMSD = 0.14
also 2011) 400m -

Avg. street length within 400m

Is an intersection

Employment density within 0.33m

PM bus frequency Variations of this model appear to
Haynes and Santa Max distance from shpimg districts 05 have been publisheddnzmyaket
Andrzejews Monica, CA Pedestrian (ft.) LR Weekdays-6pm ~200 7‘ al.(2014)nd Schneidet al(2013)
ki (2010)  (US) Distance from ocean (ft.) albeit inéss detail so are omitted

Average speed limit of approache: from this review

(mph)

% block resients that are newhite

% block residents over 65 or unde

% block residents with college

education Most ae twe i

Median household income in blocl hour peak hour mggeﬂ?gre]gv‘éfg‘;%w%a;ggi:gt“ne‘
;:r}g?)?g[ MI\I/InSe(S%c;“S Pedestrians ,(A$\zg no of violent crimes in year (i NBR gﬂﬁghsgh some 85 0.§4 ’ ad). ?(0‘3.0)'.NBR also _preferreql

' : aree-t) are 12hour because it did not predict negative
Population density counts counts.

Index of land mix
Distance to nearest body of water
Distance to central business distri
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Number of jobs within 30min trans
ride

Recorded daily high temperature {
Recorded precipitation (cm)
Principal arterial road

Minor arterial road

Major collector road

Presence of bus route

Off-street trail

Kim, Ko,
and Lee
(2013)

Seoul
(South
Korea)

Pedestrians

Population within 300m

No employees within 300m
Residential floor space @m
Commercial floor space (Rm
Business floor space @m
Multi-use floor space (Rn

Other buildingslbor space (ki
Is within residential district

Is within commercial district

Is within green district

Is within manufacturing district
Is within CBD

Accessibility to subway (users /
distance)

Accessibility to bus (users / distan
Number of subway statis within
500m

Number of bus stops within 300m
Width of pedestrian street
Number of lanes in nearby road
Is pedestrian street sloping

Is bus stop within 50m

75

Day volume:
Collected for
5min out of
every 15min
between 7am
9pm.

9,850

They also ran models for AM (7:4!
9:45am); noon (12:@000pm) and
PM (5:457:45pm).
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Is subway station within 50m

Is crosswalk within 50m

Is pedestrian only street

Is bicycle and pedean only street
Is mixed traffic street

Householdsvithin 0.25mi
Employment within 0.25mi

Extrapolated
(from 2hr

12 potential models were run with

. Alameda L - manual counts) adj. pof 0.780.83.
:ICFZnOel'g;*t County, CA :;2%%@?” ans :\jlér;imgr:r?gtlgmg (z)]?ze roaches LLR weekly volumes. 50  0.80 Validation by correlating predictiol
' (USs) o p APPTO From: Tue, Wed against historic counts (r=0.39,
Within 0.25mi of umve_rsn_y campu or Thu 46pm or p<0.01)
Is controlled by a traffic signal 7-9am
No bus stops within 0.1mi The presented Poisson model hac
Total length of streets within 0.5m Lﬂgr?r'crll?eMe?qu\(/gI?éz?l?;eerzlrjfn tZigIS)
Tabeshian Joral busk of routes within 7-9am, 12lpm 0.7 (which had adjz of 0.92). For
and Kattan gary Pedestrians . L . PR P 34 4 Vvalidation, there were equal
(2014) (Canada) No. dwellings within 0.5mi eachyear from A correlation (0.63) between predict
Commercial space within 0.25mi ( 2007 to 2012 : P
e ) and observed (from 18 other
No schools within 0.5mi intersections) counts in the linear
Also ran a model with more Y11
Is locale urban predictors but these were remove:
. Is there easy access to state high by reV|eW|r_192rvaIues, Mallows,?C .
Mohamackt Indiana Vehicles L ; " lati LR AADT 89 074 and stepwise procedures. Validati
al.(1998) (USs) 9 of couln y po.ptlj a_llon f ' was also performed against 18 otl
Log of total arterial mileage o AADT totals with average differen
county of 16.8% between the observed a
predicted.
. Broward Also ran another model with 12
é'ggeé)a" County, FL Vehicles ﬁLen?éZ?ro‘]f‘f;:; roads nearby | o gﬁa{ O 4« 450 0.60 variables with the same aif 0.60
(US) y and greater RMSE of 7219.6
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Area type (1=rural, 2=CBD or
fringe, 3=residential, 4=outlying
business district)

Road functional classification

No of automobiles within a distanc
No service employment within a
distance

(compared to 7212.3)alidation
was performed on 40 extra data
points (they excluded 4 outliers)
showed the prediction differed froi
the observed on average by 23%

No. of lanes
Accessibility to regional employme
Direct access to expressway

A better model was also run
however it incorporated a variable
based on the AADT observations

Zhaoand Broward Distance to regional centre of themselves (not appropriate for th
Chung County, FL Vehicles population LR AADT 816 0.76 purposes of this review). 82 sites .
(2001) (US) Population within variab#zed used for validation which preferre
buffer model has adj of 0.76 (others are
Employment within variablsized 0.660.82) with MSE of 55.71 (othe
buffer 50.00 80.2).
o. of lanes Also ran an OLR to compare but
gics(:t;il:llgyr(te(;ifr?;cl)g?rll;r;frlr?eyrr;[“ this had lower adg (0.76) and large
Zhao and  Broward cente GW mean square errors (55.8 compar
Park(2004) County, FL Vehicles Populati ithi bized R AADT 816 0.87 to 35.6). Validation also computec
(US) bof?u ation within variabieze on 82 other datpoints with fewer
ElrJnSILyment within variabtized and smaller errors for GWR than
OLR.
buffer
Roadway functional classification 38 other sites were used for
Anderson No. lanes validation with predictiodvalues of
o ; ' : s . 0.76. Apaired ttest was also used
gr]]?)rlgt oa:1nd ﬁmﬁgn' Vehicles ng;rfnlgn e\zlg;h\llxr/]it(r)\.iin(;l5mi LR AADT 58  0.80 which showed the difference
(2006) 5Th Fr) gu gh s t feet between predicted and observed

streetd

includes zero. They also compare
to the current system (for 43 data
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points) and found no significant
differences in predictions.

Also reported AIC 0250.71; and
% residents in zip code below Tat” th‘f{" Enngel VgT?OUt cdars and ¢
overty line Intensity (agj<F L.4/; an
P 4 compared this model (from

Car intensity: no. cars/road length .
Yang Mecklenbur (as below) baqkward stepwise and SCAD
Wang, and g County, Vehicles  Cars on the road (from satellite LR  AADT 243 0.5 Shrinkage me;h%ds)hto forward
Bao(2014) NC (US) imagery) stepwise method. Thalgo compare

Median inome a variant to models in Zhao and

: : Chung (2001) through validation
No. housing units (building models based on 200 sit
No. lanes to predict rest; repeated 1000 time
and found their model is better.
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Appendix B.

configurational methods

Campos]1997

Can, 2012

Caria, Serdoura and Ferreira, 2003

Chang and Penn, 1998
Chiaradia, 2007

Cooper and Chiaradia, 2015
Cooper, 2015

Dai and Yu, 2014
Darjosanjoto and Brown, 1999
Dawson, 2003

Desyllas and Duxbury, 2001
Do et al., 2013

Eisenberg, 2007

Gil, 2012

Gil, 2014

Hillier and lida, 2005

Hillier et al., 1987

Hillier et al., 1989

Hillier et al., 1990

Hillier et al., 1993

Hillier, Greene and Desyllas, 2000

Hillier, Yang and Turner, 2012
Hillier, 1993

Hillier, 2007

78 reviewed analyses of movement and

Hossain, 1999

Jiang and Jia, 2011

Jiang, Zhaand Yin, 2008
Jiang, 2006

Karimi and Motamed, 2003
Kasemsook, 2003

Kubat et al., 2012

Kubat, Atalay and Ozer, 2013
Kubat, 2001

Law, Sakr and Martinez, 2014
Lee and Seo, 2013

Lerman, Rofe and Omer, 2014
Liu and Jiang, 2012

Liu, 2007

Magalhaes, 1997
Mahdzar2013

McCahil and Garrick, 2008
O6Nei ll et al
Oni, 2009

Ozbil and Peponis, 2007
Park, 2009

Parvin, Ye and Jia, 2007
Paul, 2012

Penn and Turner, 2001

2006
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Penn et al., 1998 Wedderburn and Chiaradia, 2011
Penn, 1993 Ye, 199
Peponis et al., 1989 Zhang, Zhuang and Dai, 2012

Peponis, Ross and Rashid, 1997
Perdikogianni anélenn, 2005
Preciado, 2012

Qiang, Miaoyi and Xingyi, 2015
Raford and Ragland, 2005
Raford, Chiaradia and Gil, 2007
Raford, 2003

Rashid, 1997

Read, 1999

Schwander and Law, 2012
Shetty, 2006

Song, 2013

Stahle, Marcus and Karlstrém, 2005
Stonor, Campos and $mi2001
Tedjo and Funahashi, 1999

Teklenburg, Timmermans and
Wagenberg, 1992

Trova et al., 1999

Turner and Dalton, 2005
Turner, 2005

Turner, 2007

Turner, 2009a

Varoudis et al., 2013
Wang, Rao and Feng, 2012

Wang, 2009
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Metaanal ysi s of mo
esti mations using
met hods:s

The aim of this chapter is to provide an objective and empirical sphthesextent to

which the configuratiohmethods discussed in ChapteoBelate with pedestrian and
vehicular movement flows. This includes synthesising all the main configurational
methods(as described in Chaptert@yether toproduce an overall astte of the
accuracy of these methods along with separate syntheses to highlight which particular
configurational method (parameters) correitttecach type of movemenmhis work is
motivated by the absence of such estimates in the literdéuradahe desire therefore

to, for the first time, systematically identify whiethods garametejsest correlate

with each type of movement. The contribution of the research reported in this chapter is
two-fold. First, it will inform future work bfinding the most suitable methods and
parameters (i.e. those that best correlate with each type of movement) that should be used
in studies that employ these methéasl, second, it wishowwhich methods should

be progressed in future research and/or requiteef investigation before they should

(continue to) be used in research concernednaitbment
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4.1. Introduction

When applied to the estimation of pedestrian and vehicular movement flows, the
configurational methods described in Chaptare often reporteés successfully
explaining between-80% of the variandelillier and Vaughan, 2007; Penn, 2003; Penn
and Turner2001) However, there are two key issues with existing evaluation of the

methods.

The first issue is that the methodological and statistical rigour of the estimates is unclear.
For example, from the limited information provided in Hillier and Va(@f@nand

Penn and TurnéR001)where they refer to previous analyses, the estimates appear to be
based on a narrative review. Whilst useful in some circumstances, alternative approaches
such as mefanalyses offer significant adages. For example, unlike narrative reviews,

the process of deriving estimates and pooling them is transparent and lacks any significant
subjectivity. The results are also empirically calculated so they have known statistical

properties where, for examptee uncertainty of the estimates can also be computed.

The second issue is that the configurational analyses in question can be derived using a
large number of parameters and combinations of paraasetgiewn immable4.1.

However, beyond an acknowkeagnt that the parameters used can be inflUemgial

Penn, 2003nd a limited comparison of the influence of parameter selection in some
studies(e.g. Hillier and lida, 2005) is unclear from the above estimates which
paramedrs generally lead to better or worse correlations with pedestrian and vehicular

movement.

The present study seeks to address these issues usingaralgtetaapproach to
statistically derive a pooled estimate @dberacy of thearious configuratiahanalyses

in predictingoedestrian and vehicular movement. Although the common approach for
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Table 4.1 Summaries of the key parameters in configurational analyses

Parameter Definition
Types of spaces
Street Segments Sections of the road netwobletween intersections and/or road -gaihts

Aggregations of street segments which are semantically continuous (sh

Named Streets
the same name)
Natural Streets Aggregations of street segments which are angularly or visibly continuc

Handdrawn fewest and longest straight Bn@f interaccessibility) through

Axial Lines the urban form

Sections of axial lines which have been broken where they intersect ott

Axial Segments axial lines (with resulting short dangles removed)

Types of impedance
Topological The number of steps or spaceattmust be traversed along a route
The amount of angular change experienced at intersections (between s

Angular along a route

Metric The physical length of the route

Accessibility measures

Degree The number of spaces incident to a space

Control The sum of the reciprocals of degree values of spaces incident to a spe
Closeness The inverse of the mean shortest distances &gpace to all othespaces
Integration The normalised topological closeness score of a space

Normalised Angular

Integraton [NAIN] The normalised angular closeness score of a space

Betweenness The number of shortest paths betweerspdiceshat pass througaspace
Choice The betweennessoreof aspacealivided by its distance from all other
spaces

this involves a systematic review ofiteeature to identify all relevant correlations, the
resulting pool of correlatidris problematic. Firstly, and irrtpdue to the number of

possible combinations of parameters in these analyses (see above), most studies only
analyse (or report analyses for) a very small subset of the analyses. This is particularly
problematic for a metmalysis intended to comparepbeled estimates from different

types of analyses as missing data can give misleading results solely due to the datasets
where each analysis was apphadridiset al.2014) One solution to this is to omit

analyses unless results are present (or can be calculated) for every permutation of analysis.

2 Although beyond the focus of this study, a systematic review was conducted in May 2016 and involved
searching 14 seargmgines usingarious combinations of keywords and hasgérching three other
repositories. In total 5,334 papers were reviewed resulting in the identification of 145 relevant papers.
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However, given the range of possible analyses, this would result in ibae exdls
datasets. For this reason, the approach taken here was to perform new configurational
analyses for London (UK) which were then compared with counts of pedestrian and
vehicular movementondon was selected due to the availability of pedestdan a
vehicular movement count dadathe cityln the metaanalysis that follows, pdissible
combinationsof the parameters described in Table 4.1 were used to construct the

estimates of movement and these were correlated with the empirical couetmehtmov

4.2.  Methodology

4.2.1. Configurational analyses

To begin, separate sets of graphs to model vehicular traffic (and so only included roads
likely usable by vehicles) and pedestrian traffic (and so only included roads likely usable
by pedestrians) were genertdedach of the five main representations of road networks

(see also Table 4.1). For the vehicular graphs, these were generated using the Ordnance
Survey [ OS] 0Oi ntegrated transport net wor
network representationge r e gener ated using this dat a
pedestriatonly path network dataset. To generate the street segment graphs, roads were
split at i nt er s wher stretohss ofroad betiveep intérsectionsaaed s 6
represented amultiple roads were combined. For the named street graphs, street
segments were joined based on adjacent segments sharing the same road name (including
road name qualifiers). For the natural street graphs, the street segments were merged if
their defletton angle is below 30based on Figueiredo and Amorim (20@&)form

the natural street graphs. The axial line graphs werdraandfollowing the space

syntax methodology (for example se®adket al.2014) with the axial segment graphs

formed ly splitting the axial lines at intersections. As configurational analyses are

susceptible to edge effects, where nodes closer to the edge of the study area are missing
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other nodes (outside the study area) that would otherwise be included in the derivation

the measures, each graph covers the observation locations (see below) plus a buffer area
to address this issukhe size of this buffer area was set to 7.5km such that it extends
beyond the largest radii (5km) used in the measure calculationsg®eeetsd axial

line-based maps of the study area are shown in Figure 4.1

Each of the graphs were then analysed using the commonly used (and applicable) graph
theoretic and space syntactic measures described in Table 4.1. These include the degree,
contmol, closeness, integration, NAIN, betweenness and choice measures. Excluding the
degree and control measures, which are not applicable with radii ab timejude
neighbouring unitshese were calculated using 12 radii that are either commonly used in
the literature or are a gradation of those commonly used (no radii; topological radii of 3,

5 and 7 steps; and metric radii of 500m, 1,000m, 1,500m, 2,000m, 2,500m, 3,000m, 4,000m

Figure 4.1 Maps of the street segment (left) and axial line (right) road and pe
networks for the study area including an 8km buffer (see also top inset) and
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and 5,000m). Where applicitiiese measures were also calculated usiadgytbes of
impedance (angular, metric and topological). This resulted in 622 parameter
combinationgExisting software cannot calculate all 622 combinations (see also Appendix
A), and consequently a new progrigonmhm based

(2001)was written in Python for this purpose.

4.2.2. Observation data

For the purposes of the metaalysis, data which will be described in more detail below
were obtained from six datasets (bwewhich were used in previous studies of
configurational analysisllected as part of various studmsducted in London (see
also Figure4.2 and.3 for maps of the observation locations). In total, 545 vehicular and

852 pedestrian count observainere available for analysis across the six datasets.

The first dataset, as originally used in Hillie(28) consisted of 239 pedestrian count
observations around 10 safeas of Kings Cross. The dataset as provided was like
missing 16 observations (based on the provided observation IDs) for unknown reasons
whilst a further 12 (of the 239) were excluded as they could not be georeferenced for all

road network representations. Moreover, in the original study, the autuiesi aidita

on 6moving adultsd and 6émoving childreno
I n the current study, the average number
childrend combined) are us de.two Fheasuees e r |,

correlate almost perfecily ( p8t fv) T8t p.

3 Due to how they are calculated: integration can only be computed for topoldgses; ana

NAIN can only be computed for angular analyses of axial segments; and degree and control are
not applicable or computed with the different impedances as they only consider if a unit is
neighbouring or ndsee als€hapter B
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The second dataset, also from Hillier €9813) as provided consisted of 50 pedestrian

count observations from two areas of the City of London. The suppliedatataket

original analyses however excluded 12 observations from a third area because those
locations were argued to be not comparable to the others ireH#l{@993)Because

this reasoning is argued here to be not sufficient for excludinghestanissing
observations were obtained and included in what follows. However, two of these 12 and
an additional three from the original 50 had to be excluded as they could not be
georeferenced for all road network representations. Due to the additighiaf Hrea

and the availability of data for this area, the data used concerns the average number of
moving people between-2@m rather than the average of three-per®ds (10am

12pm, 12pm and %6pm) as used in the original analyses. However, tHatavd?2

2pm and the average of the three-periods) correlate very strongly (Tido §ry

T8t p.

The third dataset, as originally used in Penn{394d) contained 321 pedestrian and

235 vehicular count observations in Barnsbury, Clerkenwell and Kensington; of which
the latter is also swlivided into South Kensington and Brompton Road. The data
provided were missing 58sebvations which are omitted for a range of refisdas

2006) Although some were simply missing because the data was not present (21
observations), others were missing-raodomly which may bias any analysis. For
example, 35 observations were omitted because they were situated on stréets or cul
sacs where normal movement is not expéaagd2006)Beyond these issues, for these

data a further nine pedestrian and two vehicular observations were excluded because they
could not be georeferenced for all road netrepriiesentations. These data concern the
average number of ©O6moving aduthdfiedimeand 6 m

periods (8.0am, 10art2pm, 12pm, 24pm and 46pm).
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The fourth dataset, as used in Penn (@198B; see also Chang and Penn, 1997, 1998)
concerned 108 pedestrian and 67 vehicular count observations around South Bank. Of
these, 10 pedestrian and three vehicular observations were excluded because they could
not be georefeneed for all road network representations. The fifth dataset, also used in
Chang and Pen(i1998) concerned 146 pedestrian count observations around the
Barbican estate. However, as a number of the observations were on overpasses (~70) or
other minor paths which were not present in the Ordnance Survey data used to generate
the road networks, and because the georeferencing was from low resolution stylized axial
maps, 81 observations were excluded because they could not be georeferenaed for all
network representations. The fourth and fifth datasets were collected in the same time
periods as the third dataset and concern

A

for the former, the average number of 0 mi

The sixth datasetgri nat ed from the UK®&s national ne
and concerned 219 vehicular observations
and 33 observations on minor roads (6B&
central Londn, whichwas approximately bounded by the other datasets. Of these, three
major road and one minor road observations were excluded because they could not be
georeferenced for all road network representations. The data concerned the average

number of movingehicles counted from 7am to 7pm.

4.2.3. Correlation methodology

To correlate the pedestrian and vehicular observation data with the configurational
analyses, the observation locations were georeferenced to their corresponding
configurational units of analyggy( street segments). For the data from thestkild
datasets this was relatively simple as t

observer stands at a fixed location and counts people or vehicles passing an imaginary
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gate. As such, theatg counts were simply geterenced to that single location.
However, data in the first and second datasets were colleetetioh i cal | 'y usi n
observersd who travelled at a constant p;
or vehicles ty encountered. Each observation can therefore relate to multiple spatial
units of analysis (e.g. several street segments). The methodological issue then is how to
allocate the counts to discrete units of analysis (e.g. specific street S8yapits).

some (unknown) proportion of each count would likely have been encountered along
each spatial unit, the combination of units that make up the route is treated as the unit of
analysfs The equivalent metric scores are therefore calculated by thesuwumhofeu ni t 0 s

score weightelaly the length of each unit.

The correlations (to be pooled) between movement and every combination of parameters
were conducted using the entire data (all respective observations) and, for the pedestrian
datasets, for each dataset the suareas within them separately. This was possible and
was plausibleecause the datasets cover relatively distinct geographic areas (see Figure
4.2). For the vehicular data and due some data (from the sixth dataset) overlapping with
the study aas from the other datasets, the vehicular datasets were reorganised by
geographic area (see FigilBgand separate correlations compuiténils procedure was

used rather than just observing the overall correlations using the entire data because
poolingmultiple correlations enables the degree of variability between correlations to be
assessed (see below). The psstwdy areas were also not unlike those used in the
literature (and many have been used) and in practical applications (for examples, see Spa

Syntax Limited2011) and so the results are mbkely to reflect the ability of these

4Due to possible agggation effectshe effect of removing this datastested but it made little
difference to the overall pattern of results amsins discussed further

5 Other groupings were alexploredbut these made little difference to the overall pattern of
results and sare alsmot discussed further.
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analyses to correlate with movement than if their ability was inferred to smaller areas

solely from the overall Lond@nde correlation.

In terms of the correlations conducted, unlike previous studies which gepetfaly us
par amet r iiccorrBlaianrceefiiciedtor linear regression, in the analyses that
follow, the nomparametric Kendall Tau r ank corr el,igtuseddherec oef f |
are a number of reasons for thisst, the associations computedit® reflect a non

linear relationship and parametric statistics are seénsangran be distorted by this.

As such, to be used meaningfully, their use relies upon appropriate transformations of the
data prior to analysis. Given the large numbersfermations that would be necessary
(including just thos&ansformationgpreviously used in this literature), many more
permutations of the data would need to be correlated and separately pooled. In contrast,
nonparametric correlation statistics carsohly the ranks of the observations and so
ignore any nofinearity. As such, because the transformations do not change the relative

ranks of the observations, they do not affect the coefficient and far fewer correlations

Figure 4.2: Maps of all pedestrian observation locations by dataset/geograpl
study-area (left) and for each set of study suéreas (right)
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Figure 4.3: Maps of the vehicularobservation locations by the original datas
(left) and by the categorised geographic studgrea (right) and study subaree
(right inset).

need to be computed to produece r el i abl e dis préfeyradibescauseKie n d a |
statistical distribution approaches a normal one faster with smaller sample sizes and yields
more reliable standard errors than othermanr amet ri ¢ measures su
index(Kendall and Gibbons, 1990he T coefficient is also relatively simple to interpret

as it represents the probability that for any set of observations, the configurational analysis
values are in the same order as the movement flow Vhkiesefficient valueange

betweenl (perfechegative concordance), O (perfect discordance) and 1 (perfect positive

concordance) . That said, because Dz coeff

other indices$, sG@rcehi mar ReEdt casamsedio calctda

andi  which are approximately of equivalent magnitudandi values respectively

(Kendall, 1949)

4.2.4. Meta-analysis methodology
The meteanalysis was completed in three stages for each of the pedestrian and vehicular
sets of correlains. In the first stage, each set of correlations are quantitatively pooled

together to summarise the overall mean correlation between configurational analyses and
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movement flows for all parameter combinations. In the second and third stages, the
correlaibns for each analysis parameter (e.g. each measure) and each combination of

parameters are pooled to indicate their average correlations with movement flows.

Two-taileddytests are used to determine if each pooled correlation differs significantly
from zero. To determine if there are any statistically significant differences between
pooled correlations (in stages two and thretests are used if there are more than two
correlations to be compared (see below), and if significant, pairwise comp#nsons o
mean correlations are completed usindgadiegll>testgBorensteiret al.2011; Cooper,

Hedges and Valentine, 20008)the second staghe d>-testn-values are adjusted using

the conservativend wetknownBonferroni carection due to the risk of multiplicity and
erroneous inferences from the number of correlations which are to be compared.
Similarly, but because there are far more comparisons (622), in the third staljeethe p

are also adjusted but this time usiegstiti powerful, butalsorelatively conservative,

BenjaminHochberg procedu@enjamini and Hochberg, 1995)

These syntheses can be computed using two modelling fikan@&weffirst, the fixed

effects model, assumes observations (the observed correlations) are all estimates of the
same underlying parameter (the true population correlation) and any observed differences
are due to sampling error (witstndy variance). déistimates the underlying correlation

as a weighted average of the observed correlations where the weights are equal to the
inverse of their variance. The alternative, the raefleats model, explicitly
acknowledges that there may not be a single imglgrbpulation parameter and so
models any heterogeneity (or inconsistency) between observations. To do this, it
incorporates a betwestudy variance component, along with the wsthity

component, and treats the observed correlations as if thesnaa@&analkgistributed
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population, estimating the mean and standard deviatfof(that population. Given
this, the likelihood of a naronstant population paramefEreld, 2003and that the
fixedeffects model can be considered a special case of the-effiedtsmodelvhen
betweerstudy variance is lphis metaanalysis is completed using the ramelibects

models.

That said, heterogeneity between the observed correlations is investigated using three
metrics. The f0-ted bssesdehwheth@rate bbsaveddiferances in

the correlations are compatible with chance. This test is however setimtiventder

of correlations pooled and can fail to reject the null hypothesis of homogeneity when
there are few correlations poolédan also detect trivial heterogeneity when there are
many <correlations. As such, pgtdtheaghwd ng <co
stage ofthismeanal yses where a = 0.10 due to th
(23 and 12 for the pedestrian and vehicularanatgses respectively). The second
metric, théO index,measures the percentage of the variatitne correlation estimates

that is due to heterogeneity rather than sampling\éahoes of around 25%, 50% and

75% suggest low, moderate and high amounts of heterogeneity, regpéeggivesiand
Thompson, 2002)The O indexhowever can be imprecise so is interpreted using its
(95%) confidence intervgison Hippel, 2015Also,when the correlations pooled are

based on large sample sizes and so have smaller sampling &rmdexhean be high

even where the amount of heterogeneity is tfBamenstein et al., 200&)s such,
heterogeneity is also assessaagua third metric, the tderived 95% prediction

intervals, which provide an estimate of the range within which 95% of future similar

correlations would be expected to lie. When large amounts of heterogeneity are identified,

6 To avoid confusion, Kendall taarrelation coefficients are presented in Greek sgrgmd
the tau measure of heterogeneity are presented in Latin script (tau).
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the results should be inteefed cautiously. For one, because the pooled estimates simply
describe the population mean and not the spread of that population. Additionally, large
amounts of heterogeneity may also suggest a mixture of population distributions that
require subgroup dgpsegBorensteiret al.2011)This isparticularly the case when there

area priorknown subgroups such as correlations with different parameters and different

combinations gbarameters (in the first and second stages of thiamagtais).

Lastly, in their standard form, randefiects models assume independence between
correlations which is likely violated in two ways in thisamafgsis. The first, called
hierarchical degmdency, arises due to the nesting of study areas within study areas. This
occurs where it is not unlikely that correlations within the same nest are more similar than
those in different nest8Vhere this occurs, their correlations cannot be considered
independent. This problem is mitigated here by usinglewaltmodels with the sub

areas (where present) as the base level, study areas as the next level and the overall Londor
area as the apex level. The second violation, called sampling or stagsiitErioyep

arises because some correlations are based on the same or similar samples. This introduces
dependency at the sampling level where the sampling errors are correlated. In what
follows, this is accounted for by using multivariate models and specifyine Kendal |
variancecovariance matricésee also Cliff and Charlin, 1991; Gleser and Olkin, 2009)
following the generalised least squares estimation methods by(1B8&kesee also

Olkin, 1976)Allmetaa nal yses are comput e (Viedhtbauer,g t he
2010)with the betweestudy variance estimated using the recommendedegbstric
maximum likelihood methdd.g. Thompsomad Sharp, 1999; Viechtbauer, 2008)e

statistical software environmer({RRCore Team, 2016)
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4.3. Results

The Forest plot in Figure 4.4 shows the estimates for the pedestrian and vehicular
correlations for the overall pooled estimates (labelled overall) and pooled by each
parameter (labelled by the paramefs such, the overall pooled estimates (top row)
show the overall mean correlation coefficient for all permutations of parameters along
with the variation observed across parameter combinations. To investigate further, the
forest plots shown in Figurds5 (for the pedestrian correlations) and 4.6 (for the
vehicular correlations) show the strengththe pooled estimates of the five most
strongly correlated parameter combinations and ten other analyses commonly used in the
literature. Plotted inthgfur es are the pooled estimates
4.4) or the strength of the pooled mean coefficients (Figures 4.5 and 4.6) and their 95%
confidence (the undashed line) and prediction intervals (the dashed line). Summary data
in the figure note the number of correlations poole) the pooled mean correlation
coefficient and itg-value, the standard error and confidence intervals; the Tau and
prediction intervals, the significance ofltiest and théO index and its confidence
intervals. Figures 4.5 and 4.6 also show the rank position of its correlation strength (out
of the 622 computed) where those ranReatel the strongest average correlating. The

results for the pedestrian and vehicular-aretlyses are discussed in turn.

4.3.1. Pedestrian results
As shown in Figure 4.4, the pooled mean D

and pedestrian traffic is 0.11 and this is significantly different tdzeq )

7By removing the sign from the pooled toeht the results are easier to interpret and the post
hoc comparisons identify differences in the mean strengths of the relationships (regardless of
direction) rather than differences in the mean coefficients.
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Figure 4.4: Forest plot showng the pooled correlation estimates of the overall and
by parameter correlations with pedestrian (top) and vehicular (bottom) traffic

N T (p-value) SE(CI) Tau (P} Q-Test B{cCly
Overall (Pedestrian) beemened HH---ooeee 4 14306 0.11(p<0.01)  0.02(0.07,0.15) 0.12 (-0.13, 0.35) p<001  100% (100%, 100%)
Units
Axial Line bemaneas A e 2806 0.04(p<0.05)  0.02 (0.00, 0.08) 0.12 (-0.20, 0.28) p<001  100% {100%, 100%)
Axial Segment e SRR ] 3082 0.12(p<0.01)  0.02(0.08,0.17) 0.13 (-0.13, 0.37) p<0.0l  100% {100%, 100%)
Named Street ! gl t 2806 0.19 (p<0.01) 0.02(0.14,0.23) 0.14 (-0.09, 0.46} p<0.0L 100% (100%, 100%)
Natural Street et S 2806 009 (p<0.01) 0.02 {0.06,0.13) 0,09 (-0.09, 0.27} p<0.01 100% (100%, 100%)
Street Segment tmeeeen T - : 2806 0.08(p<0.01)  0.02 (0.04,0.13) 0.12 (-0.15, 0.31) p<00l  100% (100%, 100%)
Measures
Betweenness 4140 0.35(p<0.01)  0.03(0.28,0.41) 0.17 (0.01, 0.68) p<00l  100% (100%, 100%)
Choice 4140 0.21(p<0.01)  0.03(0.15, 0.26) 0.16 (-0.10, 0.52) p<00l  100% (100%, 100%)
Closeness 4140 0.08(p<0.01)  0.01(0.06,0.10) 0,13 (-0.17, 0.33) p<0.0l  100% (100%, 100%)
Control 115 0.15 (p<0.01) 0.04 (0.08,0.22) 0.21(-0.28, 0.57} p<0.0L 100% (100%, 100%)
Degree 115 0.18(p<0.01)  0.04 (0.10,0.25) 0.24 (-0.30, 0.66) pec0OL  100% (100%, 100%)
Integration 1380 0,22 (p<0.01)  0.03{0.16,0.29) 017 {-0.12, 0.56} p<0.01  100% (100%, 100%)
NAIN 276 0.34(p<0.01)  0.03(0.29,0.39) 0.10(0.14, 0.54) p<0.0l  100% {100%, 100%)
Impedances
Angular 4416 013 (p<0.01)  0.02 (0.10,0.17) 0.12 (-0.11, 0.38) p<00l  100% (100%, 100%)
Metric 4140 012 (p<0.01)  0.02(0.08,0.17) 0.15 (-0.17, 0.42) p<0.0l  100% {100%, 100%)
Topological 5520 0.23(p<0.01) 0.03 (0.16, 0.29) 0,18(-0.14, 0,59} p<0.01 100% (100%, 100%)
Radii
500m 1173 0.19 (p<0.01) 0.02 (0.14,0.23) 0.15{-0.11, 0.48) p<0.01 100% (100%, 100%)
1000m 1173 0.23(p<0.01) 0.02(0.18,0.28) 0.15(-0.07, 0,53} p<0.0L 100% (100%, 100%)
1500m 1173 017 (p<0.01)  0.02(0.13,0.20) 0.15 (-0.13, 0.47) p<00l  100% {100%, 100%)
2000m 1173 0.30 (p<0.01) 0.03 {0.23, 0.36) 0.17 {-0.04, 0.63) p<0.01  100% (100%, 100%)
2500m 1173 0.23(p<0.01)  0.03(0.17,0.28) 0.15 (-0.07, 0.53) p<0.01  100% {100%, 100%)
3000m 1173 0.22(p<0.01)  0.03(0.17,0.28) 0.17 (-0.11, 0.56) p<00l  100% {100%, 100%)
4000m 1173 0.23 (p<0.01) 0.03 {0.16, 0.29) 0.18{-0.13, 0.58) p<0D01  100% (100%, 100%)
5000m 1173 0.26(p<0.01)  0.04(0.19,0.33) 0.18 {-0.10, 0.62) p<0.0L  100% {100%, 100%)
No Radii 1173 0.28 (p<0.01) 0.04 (0.20, 0.36) 0.18 (-0.09, 0.65} p<0.01 100% (100%, 100%)

3 Topological Steps
5 Topological Steps
7 Topological Steps

1173 018(p<0.01)  0.02(0.14,0.22)  015(-0.11,047)  p<001  100% (100%, 100%)
1173 0.19(p<0.01)  002(0.15,022)  015(-0.12,049)  p<00l  100% (100%, 100%)
1178 0.22(p<0.01)  0.02(0.18,0.27)  0.16(0.09,0.53)  p<0.01  100% (100%, 100%)

-0.50  -0.25 0.00 0.25 0.50 0.75 1.00
t Correlation Coefficient

N T (p-value) SE (CI) Tau {PI) Q-Test 2(c)
Overall (Vehicular) R PR ' 7464 0.09(p<0.01)  0.02(0.05,0.13) 0.11(-0.12, 0.30) p<001  100% (100%, 100%)
Units
Axial Line 1464 0.08(p<0.01)  0.03(0.02,0.14) 0.11(-0.14, 0.30) p<001  100% (100%, 100%)

Axial Segment
Named Street
Natural Street
Street Segment

(
1608  0.08 (p<0.01) 0.02 (0.05,0.12) 0.08(-0.08, 0.25) p<0.01 100% {100%, 100%)
1464  0.10 (p<0.01) 0.03 (0.04,0.17) 0.11(-0.13, 0.34) p<0.01 100% (100%, 100%)
1464 0.06 (p>0.05) 0,06 (-0.05, 0.18) 0.18(-0.30,0.43) p<0.01 100% {100%, 100%)
1464  0.10 (p<0.01) 0.03 (0.05,0.15) 0.10(-0.11, 0.30) p<0.01 100% {100%, 100%)

Measures
Betweenness 2160 0.37 (p<0.01) 0.05 (0.27,0.47) 0.16 (0.04, 0.70) p<0.01 100% {100%, 100%)
Choice 2160 0.34(p<D.01)  0.08 (0.18,0.51) 0.26(-0.19, 0.87) p<001  100% (100%, 100%)
Closeness 2160 0.05(p<0.01)  0.01(0.02, 0.07) 0.09 (-0.14, 0.23) p<0.01  100% (100%, 100%)
Control 60 0.17 (p<0.01)  0.03(0.12,0.23) 0.16 (-0.16, 0.50) p<0.01  81% (76%, 85%)
Degree 60 0.20 (p<0.01) 0.04 (0.12,0.27) 0.19(-0.18, 0.58) p<0.0l  86%(82%, 89%)
Integration 7200 0.23(p<0.01)  0.04 (0.16,0.31) 0.12 (-0.01, 0.48) p<001  100% (100%, 100%)
NAIN 144 0.40(p<0.01)  0.04(0.33,0.48) 0.10{0.19, 0.62) p<001  71% (66%, 76%)
Impedances
Angular 2304  0.35(p<0.01)  0.06 (0.24, 0.46) 0.18{-0.02,0.72) p<001  100% (100%, 100%)
Netric 2160  0.09 (p<0.01)  0.03 (0.04,0.14) 0.11({-0.13,0.31) p<0.01  100% {100%, 100%)
Topological 2830  0.15 (p<0.01) 0.03 (0.09,0.21) 0.11{-0.07,0.37) p<0.01 100% {100%, 100%)
Radii
500m 612 0.13 {p<0.01) 0.03 (0.07,0.20) 0.12{-0.11,0.37) p<0.01 100% (100%, 100%)
1000m 612 0.21(p<0.01)  0.06(0.10,0.32) 0.18 (-0.16, 0.58) p<0.0L  100% {100%, 100%)
1500m 612 0.22 (p<0.01) 0.06 (0.11,0.34) 0.19(-0.16,0.61) p<0.0L 100% {100%, 100%)
2000m 612 0.24 (p<0.01) 0.06 (0.13, 0.36) 0.18(-0.13, 0.62) p=<0.01 100% (100%, 100%)
2500m 612 0.27(p<0.01)  0.05(0.17,037) 0.17 (-0.08, 0.62) p<001  100% (100%, 100%)
3000m 612 0.28(p<0.01)  0.05(0.18,0.39) 0.17 (-0.07, 0.64) p<0.01  100% (100%, 100%)
4000m 612 0.32 (p<0.01) 0.05 (0.22,0.41) 0.15(0.00, 0.63) p<0.01 100% {100%, 100%)
5000m 6§12 0.33(p<0.01)  0.04(0.24,041) 0.14 {0.03, 0.62) p<001  100% (100%, 100%)
No Radii 612 0.36(p<0.01)  0.04(0.28,0.44) 0.13 {0.10, 0.62) p<0.01  100% {100%, 100%)
3 Topological Steps 612 0.09 {p<0.01) 0.02 {0.05,0.13) 0.11{-0.12,0.31) p<0.01 100% (100%, 100%)
5 Tepological Steps 612 0.11 (p<0.01) 0.03 (0.05, 0.16) 0.12(-0.14,035) p <001 100% {100%, 100%)
7 Topologieal Steps 512 0.12(p<0.01)  0.04 (0.05,0.20) 0.15(-0.18, 0.42) p<0.01  100% (100%, 100%)

-0.50  -0.25 0.00 0.25 0.50 0.75 1.00
T Correlation Coefficient
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181 p. This is approximately equivalent o @rrelation coefficient ( of 0.17. The
significantd-test § 1@t P, 'O value of 100%including confidence intervals) and
relatively wide prediction intervals@fL3 to 0.35 (which are approximately equivalent
toi coefficients 0f0.20 to 0.5Zpdicates there is substantaiation across the pooled

correlations

Considering the types of parameters first, there was a significant difference in the pooled
correlations across the different types of units used to create the neiworks

¢ B iQ°Q 1M 18tp. On average, theorrelations that for the nametreet
representation were significantly greater thandhfrsgated using natural street

o8t ) 1@t v, Street segmentd o @) T p or axial line & T M

18T p representations. The mean correlation using axial lines was also sicmifadkemtl

than those using axial segmetits ¢& 11y 18t L.

There was also a significant difference between the mean correlations across the
accessibility measuras p o@ &Q°Q ¢} 181 p. The mean correlations for
analyses using betweenness andNNA¢asures, which had the largest pooled mean
correlations, were significantly greater than those using choice, degree, control or
closeness meastirdhe mean correlation for the analyses that used closeness were also
significantly smaller than thosegsitegrationd 18t 1) 18t p and choice®

@M T18p.

8 The mean correlations of analyses usitvgelenness was significantly greater than those using
choice ® o® &) 718 p, degreedd o &y T8 UL, control O T8t &) TV pand
closenessy x& & 18t p and likewise with those using the NAIN measure compared to
those using choicé o® {1 718t p, degreedd o 1) T8I L, control & T& N

T@p and closenesg) o] & T8 p.
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There was also a significant difference between the mean correlations based on the
impedance used Xx® ¢Q"Q ¢ 8t u8Those that used topological impedance
were significantly greater than thoseyusigulard ¢& ¢ T8t L or metric &

¢® 11 18t vimpedances.

Finally, a -test also identified a significant difference in the mean correlations based on
the radii used 0 ¢ @ pQQ p p) T8t v8However, pairwisetests only
identified thaainalyses calculated using a 2000m radii had on average significantly greater

correlations than those using 1500m rédii o& & 18t L.

Although these results indicate significant differences between the mean correlations, the
results must be interpeet cautiously as there is evidence of large amounts of
heterogeneity in the correlations pooled together and the estimates have relatively wide

and overlapping prediction intervals.

In terms of the specific models or permutations of parameters Alsghieys that the

mean strength of the (three) best fitting analyses is 0.49. Of which, two have positive
mean Dz coefficients of O0.49 -(g48.dTheseta t hi r
approximately equivalentitealues of 0.69 an@l.69 respectiwelThese three analyses,

and the two next best fitting analyses (also shown in#iguveere all calculated using

axial lines, angular impedance, various radii, and the betweenness or, in one model, the
closeness measures. The strength of the corrdtatihe ten selected analysaésged

between 0.38 and 0.47 bui-test found no significant difference between the mean

% These analyses (labelled by their rank position) are included as they are the strongest correlating
analyses using: the named stre&)(8atural street (29, street segment ($Hand axial segment (93
represatations; the choice (17, integration (15%), degree (24%), NAIN (261%) measures; and using
metric (8") and topological (9) impedance. The analyses ranked'2@6d 261 are also included
because they are the strongest correlating analysesyaleksted to those typically used in the (space
syntax) literature.
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Figure 4.5: Forest plots showing themodulus of the pooled coreelation strength
estimates between selected specific analyses (permutations of parameters)
pedestrian traffic

Rank N T (p-value) SE {C1) Tau [PI} Q-Test 2icny
Top Pedestrian Models
Axial Line, Angular, Betweenness, 3000m e g 1 23 0.49 {p<0.01) 0.04 (0.41, 0.56) 0.08 (0.30, 0.68) p=<0.01 100% (100%, 100%)
Axizl Line, Angular, Betweenness, 2500m R s R 2 23 0.49 (p<0.01) 0.04 {0.41, 0.56) 0.09 (0.28, 0.69) p<0.01 100% {100%, 100%)
Axial Line, Angular, Closeness, 1500m P ] 3 23 049(p<0.01) 0.04(-0.56,-0.41) 0.08(-0.68 -0.30) p<0.01 100% (100%, 100%)
Axial Line, Angular, Betweenness, 5000m = ——-- 4 23 0.48{p<0.01)  0.04(0.41, 0.56) 0.08(0.29, 0.67) p<0.01 100% (100%, 100%)
Axial Line, Angular, Betweenness, 4000m boe - it 5 23 0.48 {p<0.01) 0.04(0.41, 0.55) 0.08 {0.29, 0.67) p<0.01 100% (100%, 100%)

Other Pedestrian Models

Named Street, Metric, Betweenness, 4000m [ . it} 8 23 0.47 {p<0.01)  0.04(0.39, 0.56) 0.10 (0.24, 0.71) p<0.01 100% (100%, 100%)

Axial Line, Topological, Betweenness, 2500m i 9 23 0.47 {p<0.01)  0.03(0.42, 0.52) 0.07 (0.32, 0.63) p<0.01 100% (100%, 100%)
Named Street, Metric, Choice, S000m - o 17 22 0.47 {p<0.01)  0.05(0.38, 0.56) 0.11(0.22,0.71) P<0.01  99%(99%, 99%)

Natural Street, Metric, Betweenness, 3000m I g 28 22 0.46{p<0.01)  0.04(0.39,0.53) 0.09 (0.27, 0.63) p<0.01 100% (100%, 100%)

Street Segment, Metric, Betweenness, 5000m oo 36 23 0.46{p<0.01)  0.04(0.38,0.53) 0.08 (0.28, 0.63) p<0.01 100% [100%, 100%)

Axial Segment, Metric, Betweenness, 5000m O e Y] 231 0.44(p<0.01) 0.05{0.34,053)  0.14(0.12,0.75) p<0.01  100% (100%, 100%)

Natural Street, Topological, Integration, 3 e B ! 150 23 0.42 {p<0.01)  0.04(0.34, 0.50) 0.10 (0.20, 0.64) p<0.01 100% (100%, 100%)

Axial Line, Topological, Integration, 3~ t==== -t 205 23 0.40{p<0.01)  0.03(0.35,0.46) 0.08 {0.22, 0.58) p<0.01 100% (100%, 100%)

Natural Street, Degree tee At 244 23 0.39{p<0.01) 0.04(0.31,047) 0.10(0.17,0.61) p<0.01 100% (100%, 100%)

Axial Segment, Angular, NAIN, 1500m b o 261 22 0.38{p<0.01)  0.04(0.29,0.47) 0.10(0.15, 0.62) p<0.01 100% (100%, 100%)

.00 0.25 0.50 Q.75 1.00
T Correlation Strength

Note: The horizontal axis represents correlation strength and so the plotted results ignore the

direction of the reIa}ignship anud trupcatethe [esul}s to,O,l. The figures in the included table are tl

N} g LI222tSR._. O2SFFTAOASy(a

correlation strengths of all the analyses shown in Eude p & @#QQ p 1

18t v. Going further, a comparison of the average correlation strength from the best
fitting analysis againstater analyses found only 380 analyses (61%) had a significant
weaker average correlation strengtpnificant) -tests of homogeneity and lafge

values (the smallest of which is 89% with confidence intervals-82®83%or every
pooled estimate ditcates heterogeneous correlation strengths. That said, the prediction
intervals vary in size for each analysis and suggests for some, for example the analysis
rankedl®-5" as shown in Figuds which have moderateliged prediction intervals, the

heteogeneity may not be critical.

4.3.2. Vehicular results
As shown in Figure 4.4, the pooled mean D
and vehicular traffic was 0.09 and this was also significantly different t zero

& 1 181 p. This is approximately equivalent to eoefficient i( ) of 0.14. The
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significant0 -test (p<0.01), very higld value (including confidence intervals) and
relativelywide prediction intervals €3.12 to 0.30 (which are approximately equivalent
to i values 0f-0.19 to 0.45) indicates theresustandél variation in the pooled

correlations

Considering the types of model parameters, in terms of the units used to create the
networks, there was no significant difference between the mean correlations of the five
differentunitsd 1@ XQ'Q thy 1 mwhich ranged between 0.06 and 0.10. The

average correlation of analyses computed using natural streets was however not

significantly different to zerd p® & 181 L.

There was a significant differende p ¢@® §Q°Q o) 18t p in the mean
correlaions based on the measure used. The NAIN measure, which had the largest
average correlation, was significantly greater than all others except betweenness and
choicé’. Betweenness which had the second largest mean correlation was significantly
greater thanhe control @ o8 1) 18t p and closenessd ¢ ) 18T p

measures. Also, closeness which had the lowest mean correlation was significantly lower

than all other measufes

There was a significant differende p & 6Q'Q ¢ T8t p in the average
correlation®f the three types of impedances. Specifically, the mean correlations for the

analyses computed using angular impedance were significantly greater than those

10 The mean correlations of models using NAIN was significantly greater than those using
closenessid U@ &) T8t p, control & T& by T\ p, degreed o ) T\ p

and integrationd o K T8I L.

11 The mean correlations of models using closeness was significantly lower than those using
betweenness® @@ &) T8t p, choice & o® ) TP, control & TP N

@t p, degree @ o® 1) T@p, integration & T & T p and NAIN &

U@ &) T8t p.
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computed with metricd t& 1) T8t p or topological ® o& f) T8p

impedance.

There waslso a significant differencé x @ fiQ°Q p o 18 p between the

mean correlations calculated using the different Tadiipooled means of analyses
computed with no radii and with 5000m and 4000m radii were significantly greater than
analyses usitige three topological radii (3 steps, 5 steps and 7 steps) and the 300m radii
The mean correlation of the 3000m radii was also significantly dreats® 1

181 L than that of 3 topological steps radii.

As with the pedestrian model parameter -arelgses, these results however only
indicate that there exist significant differences between the average correlations. That is
there is evidence of large amounts of heterogeneity in the correlations pooled within each
parameter. This includes, to someadeghe NAIN measure which had modexate

high amounts of heterogeneity according 10 italue of 71% and confidence intervals

of 66% to 76%.

In terms of the specific models or permutations of parameters, Figure 4.6 shows that the
mean strength of the (two) best fitting models isThilis approximately equivalent to
ai value of 5. These two models (and the next three best fitting models) were derived

using the choice measure. In the best model, the choice measure is used with the natural

12The mean correlations of models using no radii was statistically significantly greater than those
using 3 topological stegs L& &) T8t p, 5 topological stepsd v 1y T p, 7
topological stepgd & ¥} T8 pand 500m radiky T8 4§ 18 p and likewise with

those using 5000m radii compared to those using 3 topologicabsta &) 18t p, 5
topological stepsy 1& &) T8 p, 7 topological stepgd o® ¥ T8 L and 500m

radii @ o® 1) 718t v and those using 400m radii compared to those using 3 topological
steps® T Py T8 p, 5 topological stepéd o 1) 1@ p, 7 topological steped

o p) 718t vand500m raditd of ) T8 L.
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street representation, angular impedance and no radii while the second best fitting model
was computed using the named street representation, metric impedance and a 5000m
radii. The majority of the other best fitting models also tended to be calculated using
natural or named streets, and in some cases street segments, using the choice, and in som
cases the betweenness, measures. They were also often calculated using no radii or a
5000m radii; although there tend to be no significant differences between the equivalent
models with these two radibr example, the models rank&tagd %' did notdiffer

@ T ) 181 L andthe model ranked®&and its equivalent with a 5000m radii

@ T 1) 18t v did not differ.

The strengths of the other best fitting models (in the top 5) are all 0.53 and the other
selected modétas shown in Figure6 have meacorrelation strengths of 0.30 to 0.52.
A 0-test of the mean correlation strengths of these 15 models indicates there is a

significant difference in the pooled meads T BIXQQ p i) mdrp and

Figure 4.6: Forest plots showing themodulus of the pooled correlation strength
estimates between selected specific alyses (permutations of parameters) ai
vehicular traffic

Rank N T (p-value) SE (CI) Tau (P1) Q-Test F{cn
Top Vehicular Models
Natural Street, Angular, Choice, n B 1 12 0.54 (p<0.01)  0.03{0.48, 0.59} 0.05 (0.40, 0.67) p<0.01  93% (90%, 96%)
Named Street, Metric, Choice, 5000m [ — : 2 12 054(p<0.01) 0.04{0.46,0.61)  0.10(0.29,0.78) p<001 91% (36%, 94%)
Street Segment, Angular, Choice, n - 3 12 0.53 (p<0.01)  0.02(0.50, 0.57) 0.01 (0.49, 0.58) p<0.01  86% (78%, 92%)
Natural Street, Topological, Choice, n R a a 12 053(p<0.01) 0.02(0.48 058  0.03(045061) p<0C0l  96% (94%, 97%)
Named Street, Metric, Chaice, n [E— 5 12 053(p<0.01) 0.04{0.46,0.60}  0.09(0.32,0.74) p<0.01 96% (95%, 97%)

Other Vehicular Models

Natural Street, Angular, Choice, 5000m  t---- e R 7 12 0.52 (p<0.01)  0.03{0.46, 0.59) 0.07 (0.35, 0.70) p<0.01  91% (85%, 94%)
Axial Segment, Angular, Betweenness, 5000m - At - 17 12 0.51(p<0.01)  0.04{0.42, 0.60) 0.11(0.24, 0.78) p<0.01  98% (98%, 99%)
Natural Street, Angular, Chaice, 7 e et - ! 26 12 050(p<0.01) 0.03(0.44,0.57) 0.07 (0.33, 0.68) p<0.01  98% (97%, 99%)
Axial Segment, Angular, NAIN, 5000m B 50 12 047 (p<0.01) 0.05{0.38 0.56)  0.12{0.18,0.76) p<0.01 96% (95%, 97%)
Axial Line, Angular, Betweenness, 5000m s — e ! 72 12 046(p<0.01) 0.05{0.37,0.55  012(017,074) p<001l B2% (69%, 89%)
Axial Segment, Angular, Closeness, 5000m  t-----— At - 91 12 0.44 (p<0.01)  0.05(0.35,0.54} 0.11(0.17,0.72) p<0.01  97% (96%, 98%)
Axial Line, Topological, Integration, n =~ #==-= bt - 210 12 037 (p<0.01) 0.04{0.30,0.45)  0.08(0.16,0.58) p<0.01 100% (100%, 100%)
Natural Street, Degree  t------—- At 259 12 035(p<0.01) 0.07(0.20,0.50)  0.20(-0.14,0.84) p<00l 99% (98%, 99%) Correla‘“ ng
Natural Street, Control = t------- —— e 306 12 0.32 (p<0.01) 0.07 (0.18, 0.46} 0.19(-0.14,0.78) p<0.01 96% (95%, 97%)
Axial Line, Topological, Integration, 7 £------ Do R} 346 12 0.30(p<0.01) 006(0.19,041)  0.5(-0.06,0.66) p<0.01 90% (85%, 94%)

0.00 0.25 0.50 Q.75 1.00
T Correlation Strength

Note: The horizontal axis represents correlation strength and so the plotted results ignore the
direction of the relationship and truncates the results to 0,1. The figures in the included tabileear
NI ¢ LI22ftSR.. O2ST¥FFAOASyYyGaA e
(space syntax) literature.
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pairwisei>tests identified that the mean strengthhefrhodel ranked 3#%that uses
topological integration analyses of axial lines with a topological radii of 7 steps) is
significantly lower than that of the models rankeddil o#® ¢ 18rv, 2¢

® odd T8y 3 O oY T™Wip 4 O ox i mdru 5 O

od ¢ mdrvand & o® 1ty T8t L. Furthermore, comparisons of the pooled
average correlation strength of the best fitting model to all other models indicates that
only 435 models out of the 621 (70%) had significantly wealkdatiom strengths.
According ta) -testsfor which 98% of the tests were significant@rdlues were 82%

or above (and in most cases this includes the lower bound of its confidence interval), the
vast majority of models exhibited significant dgdereity between their correlations.

That said, the widths of some prediction intervals were low, for eQ&hptethe case

of the model ranked“3(in Figure46), and this may indicate for some models the

heterogeneity is not meaningful.

4.4. Discussion

The aim of this chapter was to explore the ability of various configurational models to
correlate with pedestrian and vehicular movement flows. To do this, various movement
count data were taken and correlated against each of the configurational madels. Thes
correlations were then synthesised in a rapffents metanalysis to examine the
average correlations of these models along with the variance of the correlations in

different datasets.

This study found the aver agenalDaodel®oand el at i

pedestrian and vehicular movement were 0.11 and 0.09 respectively which approximate
to very weak but significantoefficients of 0.17 (0.14) and very smallaluef 0.03

(0.02). Although caution must be used when usiragpfitoximateild metrics, they are
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highly inconsistent with those from the literature which suiggedties between 0-:50

0.60 to 0.80 for both types of movemgiillier and Vaughan, 2007; Penn, 2003; Penn

and Turner, 2001Yhat being said, it is likely these previous studies were intended to
present an approximate rlahagetliod Obhest aqg
Previous findingtherefore likely onkelate to only specific parameters or combinations

of them, whereas all possible permutations were explored here. Furthermore, the small
mean correlations found in this raatalysis may lbdtributable to the use of a random

effects model which assumes that all correlations, regardless of model parameters, belong
to the same population, which may not be true. For example, the observed heterogeneity
between correlations in this estimate eagxplained because some parameters tend to
yield negative correlations (e.g. closeness analyses) and some combinations of model
parameters (e.g. topological analyses of street segments) yield negligible correlations. In
both cases, even if the majoritthefcorrelations and the general relationship is positive,

these correlations will bias the mean correlation towards 0.

A better evaluation of the configurational analyses is to consider the correlations with
each of the 622 combinations of parametelistasct populations of effects. In thigy

andtaking the combinations of model parameters which best correlate with pedestrian
and vehicular movement, the findings presented in this study suggest that these models
have average Dz c¢ ¢aadf-0.49)cdne 0.%4srespeqtivelyt @herd . 4 9
appr oxi mat eicoefligents these carobe idterpreted as strongly correlating
withi values of 0.69 (ar@.69) and 0.75 amd values of 0.48 and 0.56 respectively.
Although not entirelgdissimilar to the estimates from the previous studies (see above),
the confidence intervalstbe top fitting pedestrian (0:856) and vehicular (0:359)

models only marginally overlap with the rangep®6Go 0.80, estimated in previous

reviewgHillier and Vaughan, 2007; Penn, 2003; Penn and Turner,TB3)4)ggests
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that the results presented in thiglgsis meaningfully differ to the previous estimates and

that the previous estimates were likely somewhat optimistic.

Another finding from this metmalysis is the namgnificant difference between the
correlation strengths of the models that bestlatrreith pedestrian and vehicular traffic

and around 40% and 30% of the respective next best correlating models. That is, there is
an insufficient difference, relative to the sampling errors, to statistically discern between
the best correlating model &l (pedestrian) and 186 (vehicular) other models. That
being said, there are some parameters and combinations of parameters that either tend to
better correlate and/or similarly correlate and have other advantages. Firstly, whilst
combinations of axiahes (and axial segments) and other parameters yield some of the
top correlating models (particularly for pedestrian movement), they do not significantly
improve over the neaxial alternatives. This is an important because the generation of
networks for ®@al analyses of a nuoivial urban area is labour intensivel not
inherently reproducibl€aking this into account, the current findings suggest that purely

for the purposes of estimating movement, the axial methodology is perhaps unnecessary.
Secondl, the top combinations of parameters for predicting pedestrian and vehicular
movement tended to employ the betweenness and (its normalised equivalent) choice
measures. They also tended to define distance angularly (or metric in some cases). Lastly,
whilstfor the pedestrian analyses a range of radii centred arotBkh2kesulted in the

best correlations; for the vehicular analyses, the top radii were consistently either none or
5km. In fact, although vehicular analyses with no radii tended to prodircaisnbetter
correlating models, there was often no significant difference to those using a 5km radii.
As such andjiven models with larger or no (in that all units are included in the metric

calculations) radii require greater computation time (due lewger number of nodes
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involved in the measure calculations which would otherwise be excluded as they are

beyond the radii); models using the 5km radii are arguably more practical.

Beyond these point estimates of the mean correlations of differers, tihedel was

some evidence of heterogeneity between the correlations. This was also present when
pooling (vehicular or pedestrian) models with the same combination of parameters where
it may have been assumed they would possess relatively similar (bos)ogene
correlations. The consequence of this is that although the models (as discussed) may, on
average, yield higher (or lower) correlations than other models, it does not guarantee the
same for a future correlation (or correlations). The extent of thesjodged by tau and

the 95% prediction intervals. In the case of the pedestrian models, tau and the prediction
intervals for the top five models are all relatively similar. For the vehicular models, for
example, the model rankéti(@ngular choice ansdyg of street segments with no radii)

has a considerably smaller tau and prediction intervals than thosé¥anie®l This

indicates the strength of a future correlation using the model rédngdikey to be

between 0.49 and 0.58 whereas @ontbdels rankedand %' it is 0.290.78 and 0.32

0.74. In light of this, although there is a probability that the models raakeds2will

yield stronger correlations than the model rariketie3e is also a probability it will be

less strongAs such, and although the importance of this attribute may vary for different
purposes, the vehicular models rankKedr®d to some degre® d@nd ¥, ought to be

preferred as they assure a greater minimum and consistent correlation strength for a new

daaset.

Itis important to reiterate and acknowledge how the approach taken in this analysis differs
from that commonly used in the literature and its general limitations. The first major
di fference is the use of tahtehekrentdradn FMear

or linear regression. That is, and beyond that discussed earlier, while a similar meta
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analysis could poiobndi values to analyse the average strength of the relationship; for
the purposes of using these methods to foremag&ment flows for a new study area,

they are somewhat meaningless unless the associated regression coefficient is relatively
consistent or can be determiagprioriNeither of these have been shown to be true in

the literature and so in the absendhkisfthe pooled andi values are only applicable

if (some) movement flow observations are used to train the coefficient for that particular
study area. Also related to this, pooling the results from the regression of movement flows
using network measures is likelybe upwardly biased. This is because the model
parameters are trained to the current dataset, including its random noise, and so only
describe the extent to which they fit that particular sample. As such, they should not be
used as indicators of how Mtakey would fit new samples, or in the case of a meta
analysis, pooled to indicate the populatide fit. It is in this situation, and (all) analyses

in general, that cresalidation should be used whereby the models are trained on one

portion of the dta and tested against another.

The results from this mesmalysis should also be considered in light of the data used and
its generalisability. That is, despite the fact that the statistical approach taken to pool
analyses is far more valid than relyinidpe results of a single analysis, all of the analyses
relate to areas of London and particularly central London. As such, the results may have
limited transferability to other areas in London or beyond. Moreover, and although the
cherrypicking of datan space syntax analyses (see also earlier) was offset by the inclusion
of vehicular count observations from+space syntax sources in this analysis, the effects
and remaining consequences of this are unknown at this stage. For example, are the
includedtypes of locations where count observations are available representative of
London? Are they representative and the results transferable to elsewhere in the UK, the

world or more generally to other societies and cultures? Future analyses may want to
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consier this; and although this could be through the correlations identified in the
systematic review of the literature, the aforementioned problems (see also earlier) would

need to be considered and mitigated.

Having said this, this metaalysis is, as farthe author is aware, the first of its kind in

this literature. The principal finding is that these configurational models can
approximately explain as much a6®@ of the variance in pedestrian and vehicular
movement flows and this figure is more coasige than that noted in previous studies.

The best models for predicting these flows also differ from those typically used in related
analyses. For example, angular betweenness analyses of the axial line representation of the
road network and a 208000n radii appeared to best correlate with pedestrian
movement flows whereas angular choice analyses using natural streets and no radii did
for vehicular movement flows. That said, there was very little diffietbea®rrelations

between many of the mosl@ind so the choice of configurational model, ignoring those

that performed poorly, can be determined and justified on other factors. For example,
betweenness analysis of street segments with 200000 radii (for pedestrian
movement) and 5000m radiir(fehicular movement) could be equally effective and
justified if a finer spatial granularity is reqdieslis the case for the analyses using these

metrics inChapters 10 and 11.
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List of computed configurational analyses

Appendix A.
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New configurati on
mo Vv e men:

From the results presented @hapter 4and previous research, it is clear that
configurational measures of road networks correlate with overall (pedestrian and
vehicular) movement flows. These measures therefore have the potential to be utilised as
proxy meaures for the levels of potential guardianship provided by -gss®s also

0). In this chapter, three novel sets of configurational measures are created to capture
constructs in the criminological literaturhese three sets of measures are proposed to

1) account forthe nonuniform distribution of trip generators around the network to
provide more accurate estimates of movement flows; 2) estimate guardianship intensity
rather than just the likely numbefgpotential) guardians; and 3) estimates of offender

awareness spaces. These measures are then illustrated using a simple road network.

5.1. Introduction

It has been shown that configurational measures, and especially those employing the
betweenness measwee(Chapter 4), can be used as estimates of pedestrian and vehicular
movement flows around a road network (see Chapter 4). As suggested in earlier

criminological research (e.g. Hillier, 2004; Davies and Johnson, 2015; Frith et al, 2017),
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these metrics cdre used to estimate the potential guardianship provided passively by
passerby. These methods, however, may be adapted to produce more nuanced estimates
of movement and guardianship potential. In this chapter, three novel sets of betweenness

based graplinéory metrics are proposed that:

1. Account for the nomniform distribution of trip generators to provide more
accurate estimates of movement flows.

2. Account for the capability of potential guardians to estimate qualitatively different
levels of guardianshigther than the simple number of (potential) guardians.

3. Account for an offenderds | ikely asy]

awareness space.

In the sections that follow, the rationale for each of these metrics will be discussed.

5.2. Modelling non-uniform distributions of trip generators

5.2.1. Non-uniform distributions of trip generators

One limitation wittraditionagraph theory and spacetayxrmeasures (see also Chapters
3 and %, including betweenneissthat they assura# verticesontributeequdly in the
metric calculationi the case of betweennegschmeasurethe degree obverlap of

the shortest routes through the netyatien used to predict movement, the valaes

be likened to measuring the overlap @f o pjoumey$ throughut the network As
such, under thbkeliefthat all vertices contribute equally to the metrassiimesl|
vertices(within a distance if a radiiss used) are equally likely to be origins and

destinations for journeys.

The problem is that some vertjseghasroad segments withoreor fewer propergs,
will likelyact as origins and destinatitarsmore or fewejourneys (e.g. Leurq al.

2011) These vertices will also be wmnformly distributed through the network. For
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example, vertices with more edies will tend to be found in certain areas such as city
centres and other builp areadn contrast, those with fewer properties will tend to be
found on the ouskirts and in more rural areas. Ignoring this can result in (oveey
predicting te number of trips to and from busy (rarely used) road segments. In effect,
the degree of overlap of journeys through the network and therefore the estimated

amount of movement may be +asdimated.

5.2.2. Vertexweighted betweenness
One solution tahis, based otinat used elsewhdreg. Chiadia, 2007; Turner, 2003)
to incorporaterertex weightthe metric calculations. To explain, recall that betweenness

is typically calculated (sge also Equation 4 in Chapter 3)

° T (5)

Wherethe betweenness scoredach verteg) is the amount of overlap in the shortest
routes between all vertic&uid’@that pass through it (see aRimapter B Because
some verticeghas origins or destinations for more jour@@ysight which inprevious
analysege.g. Chiaradia, 2007; Turner, 2@0&Xhe lengths of the road segments
represented by the vertiées applied to each vertex. The routes arevibaghtedoy
t he ori gi n an dveightsEhis is heaaude tomger gegmente areGexpected
to generate more trips than shorter segments and so if therategtination segment
areshorter(or longer) then the vertices on the paths between those vertices will receive
less (moneweightGiventhe origisd(0 ) anddestinatiosd(0 ) weightsthis equateto:

QU L

e (6)

”
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Howeveran issue with this is thatthe context of modelling movemenewla radis
is used, each origin mag capable afaclng a differentnumber of destinatior(a
different total length abad. As such, and based on Equatigh&given origin vertex
can reacimore roagdthe formulas effectively assuming métps are made from that
vertex(regardless of its lenythan from a vertex that can reach less total length of road
In realitythough it wouldbe expected that if more road (in terms of being destinations)
can be reached, there are not more trips.rratieadthat the trips are shared and so
fewer trips are made per reachdédtinationrpad length Toaccount for thisEquation
6 can bemodifiedso thathe weight applied to each vertex on routes through the network
is dividedby the total weightsaehable from the origiB (. 0 ). This meanthat if
more destinations can be reached from an origin (compared to another origin) then a
smallerweight is applied oeach route to each destinatidinis vertexwveighted
betweenness measure wolddeforebe calculated by:
., QU 0 (7)

B U
5.2.3. Example calculation
To give an example of its calculgtmnsider the simple netwsnk Figure 5.1Note
thatthe lengths of paths thrdughe network are calculated metricAllso, that the
weights in this exampbad henceforttare the number of properties on each segment
This isbecauséhe number of properties on each segraentikely to better correlate
with the quantity of origs and destinatioisan segment length used in other studies
(e.g. Chiaradia, 2007; Turner, 26@f)one, because some longer roads (e.g. sections of
motorways) are unlikely to represent origins or destinations despite their length and, vice

versa, shorter segments may contairdeigéity housing such as block of flats.

Figure 5.4 shows the network witbqualweights ornumbers ofproperties(one

property oneach vertei the network. Figure 5.1b shows the values from the standard
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betweenness metric (Equat&)rfor each vertefor whichw, ®», @, w, ® andw

receive the same value of 14 duled seven routes that begin on those vertices combined

with the seven routes from the other vertices thaatéhdse vertice$n comparison,

vertex x4 receives a vatdi€2d in addition to the 14 trips described above, it receives

an extra 8 as the shortest routes betweatdx and % and % pass through it. As such,

the standard betweenness measure would poedititexperience the most movement

and there W be equal amounts of movement on all other vertices. Note that because
there are equal numbers of properties on each vertex, the adapted betweenness measure
(Equation?) will give the same betweenness values and so predict the same distributions

of movenent.

In comparison consider the very similar network in Figure 5.1c where there are equal
numbers of properties (1) an w, ®, ® andw butthere are no properties anand

. Because the standard betweenness measure (E@ua®sumes all vertices
contribute equally to the metric calculation it ignores the fact that some verticés may no
function as an origin or destination, and so will estimate the same betweenness values as
for the network in Figure 5.Tde estimates are shown in Figure 5.1d. In reality, however,
movement around the network would be more likely to resemble thairsikagumre

5.1e as calculated by the adapted betweenness (figpsatien?). Here, vertice®

andw will receive values of 0 as they cannot function as origins (no one can live on
them), and for journeys to locations with homes, cannot function as destinations (as they
contain no propertied)\or do they feature on any other routes thinothe network.
Verticesw, w, @ andw all receive values of 10 as they appear as origins to and
destinations from to all 5 vertices andavill receive a value of 12 as it will additionally

feature on the shortest routes franto w and fromw to w .
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Figure 5.1 Two example networks (a and c) and the associated betweenr
values when using the original betweenness measure (b and d) and
adjusted betweenness measure @nd e)

(8 example road

network
X3
X4 ﬁ Xs
(b) betweenness sco - =
(estimated movemer iy
from the original (ant 3 3 )}
adjusted) betweenne
measure ® ®
Xo Xs X7
)

(c) second example

network
X3
X4 ﬁ Xg
(d) betweenness sco ® -]
(estimated movemer X4
from the original . & .
betweenness meast
Xp Xs X7
=
X3
Xy ﬁ Xg
-} .
(e) beweenness scor X
(estimated movemer | % !
from the adjusted
betweenness meastL
X Xs X7
®

NOTE: In b and d, the predicted movement levels range from low (pale grey) to
(black).
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5.2.4. Guardians and guardianship

A second key limitation with using these types of betweenness measures as an estimate of
ambient guardianship is that the potential ropedéstriapasserby is likely much

more compbe than simply a function of their presence or absEoexplainandas

described ithe literature review in Chaptga@ording to sevepdrspective8 per sono s

ability anawillingness$o act as aapablguardian may depend severalactors.

As cescribed in Chapter 8,Jane Jacob$961)eyes on the siezspectivat is argued

thata per s ot @cas a guardias tassumed constant in tigaardianshijs
(equallyprovided by everyone (not engaged in criminal activity) on gostread. In
contrastOs c ar N €1@/72yaseedatso Coleman, 1@#5¢nsible spacspective

argues whethéne ambient populatiaran deter crime depends on who is present. That

IS, people may not feel responsibility and therefore not act as guardians in areas outside
their residential or local area. Also, if an area is used by messgiderignonlocals)

then the residen(lcls) will be unable to atchfof all outsiders anday not be able

to recognise (and interesin) suspicious circumstances. According totbdwmriege.g.
Felson, 1995; Reyng@011) a personds | i kely capabilit
on ther attachment or proximity to an area. For example, a person will feel greater
responsibility, and so will likely be more willing to act as a guardian, for properties or areas
they intimately know (such as their own home or nearby) than for areas wiioh the

not (such as, on average, those more distant from their IQwuseft methods of

estimating betweenness however do not capture these nuances.

5.2.5. Local andnon-local betweenness
To this end, a new set of betweenbased measures are proposed to glissim
sections of peopleds journeys t halbcaimi ght

areathose sections that are less so, those that are even less so, and so orrnf desired.
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Frith et al. (2017), this set of measures was introduced ayg aléés#ication of local
or nonlocal betweennessn this case, the first sections of pedestrian trips from a
personds home | o doaamovementsywith the ided eeiagsthatf they d
would be most likely to act as capable guardianssensictions of road. All other parts
of the pedestrian journeys were then assumed to be perceorddcdhd so will also
act accordinglyHere, and for use in the analyse€hapters 1@&nd 11, thisset of
measuress extendedo allow for more nueced testing of the above perspectives of
guardianship (see also Discussionfree bands for loc@i), neithetocal omontlocal
(0 ), andnon-local (0 ) movementThese are calculated using two thresholdadd .
For the estimate of latguardianshi@), movement is onipcluded and countefit is
from a segmentith apropertyand the distance between the origin (which contains the
property and the focal vertex is less thatsing Equatioi, the formula is therefore:

. , QU 0

S .. U B.O (8)

h hx h
For movement which isounted aseither locabr nonlocal, M, movement is only
includedf the distances ageeater thatr ard less thai and so the formula far is:
. , QU U
. .. . B.O (9)
h  h h

Lastlyfor movement that is countedrastlocal, N, movemerig similarly only included
but if the distances are greater than

" ., QU U

> U B.O (10)

h x h

5.2.6. Example calculation

To give an example of its calcalgtieallthe hypothetical netwonk Figure 5.2and

the estimateldetweenness value$igure 2b (see also Figure 5.1a and 5A189,and
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for simplicityimaginethat only trips fromw are being calculated, thia¢ travel time
betweereach vdaexandeveryotherimmediatelgonnectedertexis five minutes, and

thatthe twolocathresholdsq anda, are five and ten minut@savel timejespectively

Using Equation8 to 10 respectively, movement which is considered local is only on
vertices closer than 5 minutes travel time fagrayertices. As sudbecause it takes 5
minutes to reach any other vertex, either as the destination or on route to the destination
vertex, the only vertex with local movenfieam w ) isw . Asillustrated ifFigure52b,

it could be saifthough mly journeys from this vertex hdeen calculated) that there is

the greatest potential for lons@vementduardianshjmtthis vertexd).

Next, formovement to be considered neither localoorlocal, only the sections of
journeys which are between five and ten minutes away from Wettiesasey , @,

@ andw lie at these distances (fram on journeys through the netwddowever,
becauseskies on more shast paths through the network it receives a greatetheaiue

®,® andw . Based on this, and as shown in Figure 5.7d, it could be said there is greatest

potential for neither local or nonlocal movement (guardianship) on

Lastly, andhgain just calculated fraim, nonlocal movement is on vertices which are
over 10 minutes away. As such, anlyandw are calculated to have any nonlocal

movement as they are the only vertices at this distance (or mom) fralnothe
vertices need at most five minutes travel time to reach. They are therefore the only vertices

to experience this type of movement (guardianship) as illustrated in Figure 5.2e.
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Figure 5.2 An example network &) and the associated (overall) betweenne
values (b), local betweenness (c), neither local or ndocal (d) and nonlocal
(e) values (calculated from ¥

@
(example road
network)
X3
N ® .
6
(b) betweenness o~ -
score (estimated Xa
movement) from tr i = o
adjusted betweres
measure = ®
Xp Xs X7
i)
X3
*®
X4 Xg
®
(©) local betweenne X4
values L
® ®
Xz X5 X7
*®
X3
o
X4 Xg
(d) neither local or ® 5% L
nor-local » % }
betweenness valu
® ®
X, X5 X7
®
X3
*®
X4 Xg
L 5
(6) non-local 4
betweenness valu ®
®
X Xs X7
=

NOTE: In b-e, the predicted movement or guardianship levels range from low (f
to high (black).
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5.3. Modelling offender awareness spaces

5.3.1. Offender avareness space

While graph lieory measures have been used in criminological research to estimate
guardianship (or, as argued in section 5.3, to estimate the number of guardians present),
graph theory can also be derived to estimate offender awareness spaces. That is, as
described iChapter 2, the areas where an offender likely frequents (such as their home,
workplace, or local shops) or passes through (such as on the journeys between those
locations) and so is more likely familiar with the crime opportunities. Knowledge of, or
the alility to estimate, the awareness or familiarity of spaces is important as it is believed

that offenders are more likeyor prefer tooffend in familiar areas (see Chapter 2).

Despite its relevance to crime location research, previous studies rallyeeptineated

familiarity using simplistic approaches. In most studies, this is done by measuring the
di stance to the offenderds home neighbour
Is based on the assumption that locations closer to the @fendeh o me ( or ot he
nodes) are more likely to be known and more familiar. This assumption not unreasonable,
and is supported by findings from qualitative research with burglars, for éxgmple
Rengert and Wasilchick, 1985)However , an individual ds f a
more nuanced than this and will likelyrore a function of how often they travel to or

through those locations. As such, while distance will influence their awareness spaces, so
too will the configuration of the road network as this affects the likelihood they will travel
along a road to reathat or other location®Beavon, Brantingham and Brantingham,

1994) For example, some roads (such as major roads) may featuny @umays,

while others (such as cul de sacs and dead ends) will less so and hence will differ in their
level of familiarity to each offender. Furthermore, because the distance to reach a location

(from the offender 6s h ¢tmeeded (anstherskéydactoram me a
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offence location choices), using distance as a measure of both (effort and familiarity) may

conflate its observed effect and complicate any conclusions drawn from its impact.

Some studies also use other variables suehdistéimce to the city cenfieey. Bernasco

and Nieuwbeerta, 200&)d the presence of transport links to other geegsClare,
Fernandez and Morgan, 20@9ndditional proxies for familiarity as these will also likely
sha offender awareness spaces. For the former, this will be because of the concentration
of facilities or properties (e.g. shops) in the city centre. As such, it is likely visited more
often than other areas. The atherefidebbet wee
expected to be more familiar. For the latter, this will be because transport links enable the
offender to reach specific other areas (where other transport stations are) with less effort.
As such, they would be expected to visit those ar@&sthan other equivalent areas,

and so will again be more familiar. If the transport system is above ground, they may also
allow offenders to become aware of opportunities on the route. These effects are,
however, likely more complicated than can beredpby these variables, and more
intrinsically related to the shape of the road network and the distributions of properties.
For example, if an offender lives closer to, or there is a greater concentration of facilities
elsewhere than the city centre @.gn oubf-town centre) then the offender will likely

be more familiar with opportunities there andwooe familiar with those in city centre.

Also, even if their neighbourhood has transport links to other areas, those areas will likely
only be moreisited (than before or compared to other areas) if the transport system
meaningfully reduces the effort to reach them (e.g. compared to walking) and there are

places there worth visiting there.

5.3.2. ldiosyncratic betweenness
Based on this,otincorporate the 6fender 6 s awareness space

location choices more accurat@lyovel idiosyncratiersiorof the betweennessetric,

122



Chaptels: New configurationaheasures of movement

idiosyncratic betweaangssgposedTo explainhow it is derivedrecallthat (overall)

betweennessatassicaflcalculatedsing the following formula

o T (11)

Whichinvolves

1. Takingavertexin the networK'

2. Computing the shortest routes from tlagexto all (applicablejertice in the
network('Q

3. Calculating the overlap these routesn eachvertex(Q) (efter accounting for
multiple shortest routes to the saragey

4. Repeating step 1 3dor all othewertice in the network

This metric may be thought of as in the followingkaya person living on vert€xf

they approximately visit all other verti&@ (thenetworkequally, the overlap in these
routes 'Q will be an estimate of how likely (or frequently) they would be expected to pass
through or visit each vertex during their everyday urban activity3stdis is then
repeated for journeys for all other vertices in the network (from all other \@(dtxs,

4) and the betweenness value estimates where it is expected that people, on average,

converge with other people.

To estimate awareness spaites process does not need to be repeated from every vertex
(step 4). Instead, betweenness (herein idiosyncratic betweenness) could be calculated from
the one road segment or vertex where the offender lives using steps 1 to 3 above (or from
the multiplesegments or vertices where they have activity nodes if more are known). The

calculated betweenness value for each vertex could therefore be interpreted as the
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likelihood or frequency the offender will visit (and hbecemeaware of) a road

segment. Morrmally, this is calculated for offender x whose activity nodes are y as:

) , Q
O ] — (12)

Much like the standard betweenness medsarndjdsyncratic betweenness measure can
alsobe modified toncorporatevertexweighting (see section 5)at isto accountor
the fact that some verti@gexpected tbe visiteanoreor lesoften tharothers. Here,

and based on Equat®nandl12, this measure would be calculatedliasvin

. QU
. B. O (13)
Here,because this metric is calculated for each offegdesr their hometkhough it

can be extended if multiple activity nodes amerlnthe origin weight, , is not needed

as it will be 1 for journeys beginning from the vertex where they live and 0 for all others.

5.3.3. Example calculation

To give an example of its calculation, recall the hypothetical network from Figure 5.1a
(see atsFigure 5.3a) and the taeenarios in Figures 5.3b, 5.3c, 5.3d and 5.3e for which
an offender lives on vertices andw, respectively. In thiBustration, imagine that
journeys are calculated to all other vertices, but not to the vertexlothe/loffender

lives.

As illustrated in Figure 5.3b for an offender who lives on wertaeir (shortest) routes
to all other vertices in the network all involve travessindnere they live while three
routes (tow, @ andw) involve traversing 8All other vertices only feature on one

route. As such, as shown in Figure ®o3would receive the largest value (6) while
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would receive the next highest value (3). All other vertices would equally receive a low
value(1). This measure, from Equation 9, would therefore predict, as would be expected
based on theory (see above), that the offender would be more likely to be familiar with
opportunities omo on which they live, followed by and then the remainingrtices.
Also, and as would be expected, this is despite the fact thatiwedicasdw are the

same distance from asw .

In contrast, as illustrated in Figure 5.3d, in the case where an offender liveston vertex
their( shortest) routes to al/l vertices only
(w) and the destination (vertex) of the journey. Therefore, and as shown in Figure 5.3e,
@ would receive the largest value (i.e. 6, 1 for each route traeensipart of it) while

all other vertices would equally receive a low value (1). Therefore, for this example, it is
predicted that the offender would be very familiar with opportunities near their home (on

) but equally (poorly) familiar with opparties elsewhere. Again, and although very
different results are obtained compared to the first example, this is expected as if the
offender does equally travel around this network, no other road segments (except for that

where they live) need to be traedr(routinely) to reach other segments.

5.4. Discussion

In this chapter, three novel sets of betweetasssl graph theory measures were
proposed for use in criminological research; and demonstrated using example networks.
The first, vertexveighted betweerse builds upon the standard betweenness metric by
accounting for the nemniform distribution of origins and destinations through the
network. It also builds on previous weighted betweenness measures for modelling
movement by factoring in the fact tharenpossible destinations should not necessarily

mean more journeys; but rather a greater choice of journeys.
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Figure 5.3: An example network (a), the shortest routes to all other vertit
from x. (b) and x: (d) and the corresponding idiosyncratic betweenne
values (c and e)

(a) example road
network

for an offender livir

(b) the shortest pat = ®
to all other vertice: AN /
NTF N

onw “ *®
Xo Xs X7
X3
X4 ﬁ Xg
(o) the calculated -
idiosyncratic
betweenness vall J B} !
(familiarity) for an X4
offender living oo = 1)
Xo Xs X7
X3
X4 ;t'i Xg
(d) the shortest pat L.} ®
to all other vertice \ L i /
for an offender livir 1)
on - v . \ P
X2 S, > X5 g X7
X3
X1 L X
(e) the calculated o =
idiosyncratic X
betweenness vall X = !
(familiarity) for an
offender living oo ® ®
X Xs X7
®

NOTE: Dashed lines represent multiple equal short routes; in ¢ and e, the predi
movement or guardianship levels range from low (pale grey) to high (black).
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The second set of measures incorporates several theories which argue that guardianship,
and the ability of passdxg to deter crime, is likeblated to who is on the street rather

than just how many people there are. To this endpdhko nonlocdletweenness
measures are computed by splitting the routes calculated as part of the betweenness
measure into the sections which are closer befuatvay. These measures therefore
attempt to measure the amount of the different movementdtypekis analysis, of

local, neither local or nonlocal, and nonléaalther than an estimate of the overall

amount of movement.

The third measure attempist measur e an of fenderd6s awar e
this from the effort associated with travelling to a particular loGétese two factors

are commonly conflated and estimated wusi:t
new measurgliogncratic betweerawessnplishes this by calculating the shortest routes

(as calculated as part of any betweenness measure) to other vertices from only the vertex
where the offender lives. Therefore, if the offender is assumed to travel around the
netwok, the overlap in these routes represent where the offender is more likely to familiar
and aware of the opportunities for crime. Becaussagdlnetworks are not uniform

in shape the idiosyncratic betweenness will vary from distance (farness) afidcs the

of effort (distance) and familiarity (idiosyncratic betweenness) can be, unlike before,

disentangled.

While the proposed measuaesbased on the principles of graph themghow the
standard betweenness measure is calculated, used anteihierprevious research
(e.g. Hillier and lida, 200%he proposed measures are not, at present, quantitatively
validated. This is in the sense that there are no experimental, or otesears@-rith,
Johnson and Fry, 20kHowing the metricsedruly estimating what theye supposed

to beestimatingFor example, that the awareness space esfroratdse idiosyncratic
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betweennessietriccorrespond wi t h of fender sd (af crima a l | e
opportunitiesaround a road networBuch studies are obviously rexetbfully validate

the proposed measufebut are beyond thedee of this chapter and thesis.

That saidas the first step in testing these proposed medbayesuld be included in

analysg for example, of offence ddion choices, and their effects (on crime locations)
could be compared against tpegdicted based on theoRor examplegiven the

evidence that offenders tend to prefer offending in familiar (argafkengert and
Wasilchick, 1985j greater levels of idiosyncratic betweenness are not associated with a
greater risk of beingelected for an offencthis suggests there is an issue with the
idiosyncratic measure. To this end, several hypotheses regarding the metrics proposed in
this chapter are developed and tested later in this th€siafiars 10 and ldfterthe
specifiadypes of analys#sat will bausedspatial discrete choice analyses) are introduced

and examined in relation to crime location choice re§eatehnekfour chaptens
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In this chapter, the four statistical approaches to analysing offence location choices and
offender preferences are introduced. Key limitations of three of the approaches which
have typically been used for these analyses assatiscLhe fourth approach, the
discrete choice approach, which overcomes these issues, but possesses its own
shortcomings, is then explored. The three main discrete choice models (the conditional
logit, mixed logit, and latent class) are then examingavélothe relevant terminology

and technicahaterial.

6.1. Introduction

until relatively recentlthree mairstatisticabpproachewere used to analysiéence
locationchoices and offendpreferencedn the order of their appearance in the crime
literatue they can be described as the thaged, offenddrased and mobilityased

approaches.
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6.2. Target-based approach

Thetargdbased appraaghesents the earliest metf@d. Balbi and Guerry, 182aj

the most common us&dthe published literature. Based on theesiablished finding

that crimespatially concentratésg. Sherman, Gartin and Buerger, 19&f)ies that

adopt this approach attempt to describe variations in the volume or rate of offences at
differentlocatioras a function of theharacteristit$hose, or other relevant, locations.

Such characteristics can refer to a range of ecological and environmental factors. The
locations can also be defined using various units of atdijfg&irent gographic scales.

For example, Sampsd®85kxamined the association between crime rates measured at
the meso US neighbourhood level and the density tfumtlhousing, residential
transiency, familial disorganisation, racial composition, unemployment and poverty. A
second exemplar is that by Johnson and B@@4@who used a mulkevel model and
microlevel street segments in Merseyside (UK) to examine the association between the
risk of burglary and various sed@mographiinfluences (such as those above) and
measures of street segment connectivity antbeebaermeabilitfthe key limitation

with analyses using this approadhasthey ignoréfor exceptions see Bernasco and
Luykx, 2003; Bernasco and Block, 28l Informatioraboutoffenderssuch as where

they liveor theyassume that distance mgnoportantd which isatconflict with much of

the research on offending (see below).

6.3. Offender-based approach

The second approach is tifeendbased approddthough this approach did not gain
popularity until the 1970s, the first study of this keslagnducted by White in 1932.
These studies attempt to examine the spatial distribution of offences relative to the
of f ende(orstheryhoocneet i ons. That i s, gosrnegpg t he

crimgJTC]. Although other aspects such additextionality of the JTC have been
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explorede.g. Rengert, 1988)is research almost exclusively focuses on the length of the
JTC and the distance the offender travels (fnem lhome) to their offence locations
(Rengert, 2004\ common finding ithat of thedistance decay patierdpy most crime

trips are observed to be short and the intensity of offendingsdeamga distance from
offenderhome (or other)locations. The distance decay pattern is also hypothesised to
contain abuffer spacé ose to the offenderds home | o0
intensity is expected to be loelg. Rossmo, 2000; Canter and Youngs, J0@8)

rationale being that offenders will be more easily recognised close to their home and hence
avoid such locationslowever, there is little supportive evidence of this. Welinkno
examples of these analyses include Wiles and gééedliand Snook2004)who,

amongst other findings, also showed that the length of crime trips vary by offence type
and the age of the offendkr.contrast to the targbised approache key limitation

with the offendebasedpproach is that it ignores all information on targets such as their
attractiveness and location or assume that both are unimpertach is also counter

to muchcrime location research (see above)

6.4. Mobility -based approach

The third approach, first usleg Smith(1976) is themobilidpased approékdingspatial
interactiar gravity modéie aim of this approach to analysis is to explain the flow of
crime trips between pairs of locations as a fundtidptbe friction between them (such

as distance); and, 2) the characteristics of the origin and destination locations that may
generate (push) or attract (pull) offending respectively. In alternative derivations, friction
is defined in terms of the numlo¢intervening opportuodsted at shorter distances (in

any direction) than each destinaf®iouffer, 1940r specifically located between the

origin and each destinati@touffer, 19605mith(1976)and Elffersetal.(2008found

that spatial interaction models that used distance (rather than intervening opportunities)

132



Chaptef6: Introduction to discrete choice methods

provded a better fit to their data. However, such models have been used in very few
studies. Two other examples are Reghal008xnd Peeters and Elffd)10)who

used them and found social and physical barriers (respectively) generate impedance in
addition todistanceWhile mobilitybased studiesnrelatively simpliyclude both sets

of informationused in the targbased and offendbased approachése.variables
concerninghe offende® s r el at i o n s landphe wmigdtdel), thdyeare t ar g e
themselvedimited, for example, by requog separate analyses for understarténg

effects of offendelevel variable@®.g. agand/or gender Mobilitybased analyses can
therefore be impractical and in particular when considering that much qualitative (e.g.
Bennett, Wright and Wright, 198&&Engert and Wasilchick, 1985; Wright and Decker,
1996) and quantitative (e.g. Townsley and Sidebottom, 2010; Bouhana, Johnson and

Porter, 201&esearch suggest offenders substantially vary in their gealsion

6.5. Discrete choice approach

To overcome ftils methodological gapernasco and Nieuwbeedrigheir nowseminal

2005 articleslow Do Residential Burglars Select Target Areas? A New Approach to the An:
of Criminal Location Chintceduced the discrete choice approach to crime location
choiceresearch. The key advantage of this approach is that it can be used to analyse target
choices and simultaneously incltidgacteristics of the offenders (e.g. age), targets (e.g.
attractiveness) and their relationship (e.g. proximity). Owing to tmtagelvéhis

approach has become a relatively popular approach and has now been used in over 20

further published studies (for a systematic literature review, see Chapter 9 of this thesis).

Originally developed within economics by econometrician Danielddof@®74) the
discrete choice approach is relatively straightforward to translate and apply to the analysis
of offence location choices. That is, and generally following the notation e(segvhere

Train, 2009)it considers there is a sample of deeisakers¢  pF8 hj. In the case
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of the decision okher® offend, it is assumed the decisiaakers are (suitably inclined)

offenders. In deciding where to offend, each offender (deuiskan) faces a choice

from'Q pfB Malternative locations (also callecttiaéce set).

According to the theory underlying the approach, when choosing their offence location,

it is assumed that each offender will choose the alternative that they expect to derive the
most utility,"Y. This is such that alternati@eill be choen if it is expected to yield the

most utility™Y 7Y | 'Q "QBy observing attribute§the alternatives) , and the

offender decisiemakerQha f uncti on can be specified
utility: 0 @ @ HQ | 'QHowever as the utility that would be obtained from each
alternativelY , is unknown (except to the offender themselves) and will probably not be
fully described in any model, it is decomposedintehich representabserved factors

that influence this utility and which captures unobserved factovs:

- | "QThisutility function can also be expressad as | & wherew is a vector

of variables relating ach alternative and is an associated vector of coefficients
(preferences) to be estimated. Using this formulation, different empirical models can be

generated based on different distributional specificatibnseiod-

6.5.1. Conditional logit

The simplest discrete choice moaletl the one specifically introduced by Bernasco and
Nieuwbeerta (2005) and used in most crime lochtarestudiegsee also Chapter, 9)

is the conditional logit [CMcFadden, 1974)he CLassumes that { | € such
thatthe preference for each attrdug identical across offendersif interacted with
offender attributes such as dgey. as in Bernasco and Nieuwbe&®05)only

systematically differs based tbat attribute The CL also assumdisat are
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independently and identically distributed with a Gumbel distribdgethethis gives
the probability of offendér choosing neighbourhod@d  as:

. A @B (14)

B A @Bw

Although the CL is popular, for example, because ieasily be computed due to its
closed form, it is not without limitations. The first, and currently of newssirin crime
location research regdrds T | ¢ inthatitis assumed that all offenders ogsabps
of offenders shared the same preferences for offence locations. Various research (see
above) however suggests that offenders substantialiy vaeyr decisiomaking.
Although in some studies decismaker heterogeneity has little overall effect on the
resulte.g. Dahlberg and EKI6f, 2003; Persson,,d80&herge.g. Bhat, 2000; Revelt
and Train, 1998) can have a large impact. One particular problem with this is that
estimates from the CL can result in coefficients that are smaller in madgaiiutie
true valuegRevelt and rain, 1998)T'his occurs due to the normalisation of the extreme
value term in the CL during the estimation process as this term incorporates all of the

variance including that between decisioakers (see also Chapter 9).

Secondly, the CL model implgtsct substitution patterns including the independence

of irrelevant alternatives [IIA] and an assumption that unobserved factors are independent
over any repeated choices. Regarding the former, 1A implies that the relative odds of
choosing any alterns over another does not depend on any other alternatives. While

this seems reasonable, it ignores the fact that some alternatives are more (or less) similar
to each other and so can be more (or less) substitutable than other alternatives. Lastly,
regardig the latter, while stadependencevh er e an of fender ds ear
their future choices (in this analysis, the attribute related to previous offence location

choices, see earliecan be accommodated, unobserved factors are assuneed to b
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unrelated. This can be an issue as it would be expected there are unobserved factors that

i nfluence offendersd decisions and t hat 1

6.5.2. Mixed logit

At-least in partiueto these issues, researchrergher dis@lines and more recently in
criminology(Townsley et al., 2015b; Frith, Johnson and Fry, 8@&i)specifynore
sophisticated models includihgmixed logifML] model (McFadden and Train, 2000).
Rather than fixed coefficients in Ghe ML accommodates unobserved preference
heterogeneity by assuming preferencesfollow a continuous probability density
function,”Qf s—, wherd describes thdistribution. This is such thatcan vary for

each offender. ML can also be generalised to explicitly accommodate repeated choices (of
offence locations) by the same offender whesen still vary over offenders but is
consistent across the (repeatbd)ce occasions for the same offender. This is such that
conditional ori , the probability of offender choosing alternativé®in choice
occasion¥¥8 hQis:

. A oo

B A OGO =0 (15)

Lastly, ML also does not exhibit IIA as the denominators in a ratio of two mixed logit
probabilities are inside the integral and therefore do not cancel. The ratio therefore
depends on all data, includiag other alternatives. The ML however requires the
specification of the preference distributions, albeit that normahorhogl (if the sign

of the preference is to be restricted) distributions are typically adsansteer and
Greene, 20037 second weakness with the ML is that, unlike the CL, it has no closed

form and so cannot be realistically solved analyficaity, 2009)As such, the ML must
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be estimated through simulationith either maximum simulated likelihood [MSL] or

hierarchical Bayes [HB}hich is computationally expensive.

6.5.3. Latent class logit

Alternatively, and although it can be cormidarspecial case of the ML and &iso

unused in crime location choice research, unobserved heterogeneity can also be handled
using the latent class logit [LC] m¢datarsfeld and Henry, 1968; McLachlan and Peel,
2000). LC assumes that take a discrete distribution and that therecare

ph8 Y distinct sets (or classes) ofand each offender belongs to each class with some
probability. In other words, it assumes there are latent types of offenders where each type
has a certia preference for each variable. This preference can differ across types but is
identical within each type. Similar to the mixed logit, including the assumption that factors
can influence offenders owarhoice occasions, the probability is given by:

i ) A oD o
v B AOD o (16)

Wherd is the parameter for clasand“ is the probability that offendembelongs
to classo When observable chateristics of the offenders are present and assumed to
effect which type or class they belontj tojs given by:

Aapa
B AJPa (17)

Whered are observable characteristirscl{ as gender) that are consistent within
offenders and can affect the class membesbluffendere and] is the associated
parameterln effect, the impact of observable characteristics on preferences can be
investigated directly with the moalighout posthoc analysess would be needed using

the CL or ML. One limitation with the LC is thakruires specification of the number
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of classe® though this is typically determined by repeatedly estimating models with
varying numbers of classesl @omparing information criteria valudso, and in a

similar way to the ML, another shortcoming of the LC is that as the number of parameters
increasecomputing it usingILE becomes computationally expensive and can fail to
achieveonvergenc@hat, 1997; Train, 20083% such, in most cases it is estimated either
throughmaximum likelihood estimation (MLE) or expectahasmisation (EM). That

said, because MLE can take substantially longer to compute and can also fail to achieve
convergence (Bhat, 1997; Train, 2008), they are often computed using the latter,
EM(Dempster, Laird and Rubin, 19#Apugh with the caveat EM cammverge to a

locally maximum lddkelihood - rather than a global one. For this reason, it is
recommended that LC models esémated sevetihes with different starting values

and the solution with the highest likelihood selected.
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Compari son of the
analysing offender

Chapter 6introduced the four approaches to analysing offence locations and their
limitations. This chapter aims to build on this and empirically assess and compare the
effects of their shortcomings to demonstrate, or not, the efficacy of the more recently
introdued and theoretically superior chdiased approach. This evaluation will use
simulated burglary datasets so that the variables and their effects on offending are a priori
known as they were used to generate the data. Each approach is then assdsbd by its

to detect these effects.

7.1. Introduction

As introduced in Chapter 5, there are four approaches to analysing offence locations and
offender spatial preferences: the tdrgséd, offenddrased, mobilithased and choice

based approaches. Althougtall approaches are appropriate for testing hypotheses
regarding patterns of offence locations, they can give contradictory results. This is because
of the limitations of each type of analysis and how the statistical models can be specified.

This is alstvecause each approach is used to ask different questions of the data and so
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the resultshoulde interpreted slightly differently. More specifically -taaged analyses

ask what effect doeshave on the count of offences (at a location)? Offbaded
analyses ask what 1is relationship betwee
the offence locations) and offending intensity. Mebdiggd analyses ask what affect

doesx have on tB number of crime trips between two locations? Lastly,-bheext

analyses ask what affect dobave on the odds of an offender (who lives in a particular

area) offending at a particular location? Nonetheless, each of these approaches can
broadly benterpreted in terms of addressing the question:cdivdlience offence
locations? As such, they should give relatively similar results; at least in terms of the

significance and sign of the effects of the same variables.

Based on this, this chapter wllestigate and compare the results from analyses using
the four approaches. Given the differences in how the results of each analysis can be
interpreted, the frequency of correct and incorrect results, in terms of type |, Il and IlI
errors, are comparethis is possible as the analysed datasets are generated through
simulations of a simplified offence location choice process. The correct result will

therefore be known as it was used to create the synthetic datasets.

7.2. Comparisons of the four approaches tanalysis

The key limitation of targdtased analyses is that they only incorporate variables
concerning theharacteristics of potential target locations (alterapéedic variables)

(for exceptions see Bernasco and Luykx, 2003; Bernasco and Blockih29l1)
therefore, ignore all information regarding the offenders, includingtivelyelige. In

doing so, they fail to account for the ease with which offenders might access a location.
If proximity (an individualternative specific variable) is an important determinant of
where offenders offend, its omission from the analyseaditol biased estimates of the

influence of the other factors. More specifically, based on the first law of geography which
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states that "everything is related to everything else, but near things are more related than
distant things(Tobler, 1970, p.236) offenders prefer to travel shorter distances, their
offence locations will incidentally resemble where they live, or places they frequently visit.
As such, locationaharacteristics associated with where offenders tend to live (see also
below) will bias the estimates of the influence of these characteristics (and other collinear
characteristics) on offence location choices. In the extreme, if propinquity is the only
factor that determines offence locations, any associations detected between crime location
choices and other factors will be entirely spurious. In this case, instead of providing insight
into where offenders choose to offend, such analyses will only ipsigtdento where
offenders are most likely to live (which is a different choice). In comparisoiaseuice

(and mobilibased) analyses can incorporate altersptedic and individual
alternative specific variables and so jointly account fofltlence of both types of
variables (offender and target). Therefore, considering that offenders tend to reside in
particular kinds of areas with location characteristics often associated (in either direction)
with offending (and therefore included ambikes in those analygg&)aw and McKay,

1942; Bruinsma et al., 2013)

Hypothesisld:casesvhere proximity is the only criterion offenders consider when
selecting offence locations, but it is not included in the analysis (ibasedet

analyses compared to chdiesed analyses), locational characteristics (often
associated with offending) amore likely to be falsely detected as significant

predictors of offending.

This weakness may also be apparent when using more realistic models of offence location
choices, including when locational characteristics and proximity both influence offence
locdions. To illustrate, consider the results in Tabl€hi&ede show the findings for two

negative binomial regressions of the characteristics associated with the areas within which
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Table 7.1 The estimated oddsratios of where burglars live in Buckinghamshir
and The Hague (Bruinsma et al., 2013)

Variables Buckinghamshire The Hagué
Ethnic heterogeneity (10%) 0.85** 0.90
Households (100) 1.14* -
Percentageatached (10%) 0.93** -

Poverty (£50,000) Socioeconomic statéis 1.10%* 2.05**
Residential mobility (10%) 1.08** 1.34*

* indicates the OR is significanfjat T8t pand ** indicats the OR is significanttat T8t p

1 The data used, oiTburglars living in Buckinghamshire, is the datass that used in the
analyses in Chapters 10 and 11.

2 Other models of offender rates (and crime rates) based on other versions of gacislalisc
theory were also tested however the one presented is the most similar to that run on the
living in Buckinghamshire.

3 Although the socioeconomic status variable used in Bruinsma et al. (2013) is measurec

to the poverty vatide in the Buckinghamshire model, it measures a similar concept. That ¢

relatively large difference in effect between the two analyses (from 1.10 to 2.05) may be

difference in the scales of the two variables.

samples of burglars live. The first analysis i fdataset of burglarimhg in
Buckinghamshire (UK) The secondd which is used to illustrate that the
Buckinghamshire data are not in some way unuisdiat a similar analysis reported in
Bruinsmae t (201L3) Taleng just the variables emptbyn both analyses, the two
studies suggest burglars tend to live in areas with greater poverty or lower socioeconomic
statuswhereas the analysis in Buckinghamshire also found they tended to live in areas
with less ethnic heterogeneity and higher résibembility. In comparison, in various
analyses of offence locatigBsrnasco and Nieuwbeerta, 2005; Townsley et al., 2015a,;
Frith, Johnson and Fry, 201fRese same variables are found;least expected, to be
positively associated with offending. One key result of thisfierteeample witlethnic

heterogeneitfbut for anyother variables that deviate between whenmdeffe tend to

live and where they prefer to offend), when offenders prefer to travel short distances,

14 Note that this dataset is subsequently the focus in Chapters 10 and 11 and so is described in
more detail there.
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(because of the first law of geography) they are more likely to offend in areas with less
diversity. However, offenders also simultaneously prefemib, affiel so are more likely

to (all else being equal), in areas with greater diversity that require travelling further
distances. When one of these variables (and there will be other examples than those
discussed) is omitted from the analysis (in dzeiget analyses), the conflicting
influences of those preferences can be estimated together or otherwise misestimated. In
this case, the model will be more likely to misestimate its infleghee regarding its

actual effect going undetected or potentedtymating its impact in the incorrect

directio®. This leads to:

Hypothesis\®hen proximityand locational characteristics are criteria for selecting
offence locations, but proximity is omitted from the an@lytsgetbased analyses
compared to aicebased analyses), the true effects of locational characteristics are
more likely to go undetected or misestimated as significant negative predictors of

offending.

In contrast to targdiased analyses, offendased analyses examine individual
alternave-specific variables (usually just distance) and so ignore all information regarding
targets anthe alternatives an offender could have selected but.dithisatan bias the

estimate of the role of distance on offending in two ways.

The first way regds the number of alternatives (i.e. the number of areas in terms of the
spatial units of analysis). In a typical analysis of the jmicni@ye, the researcher

calculates how many crime trips occur within a given radius (or statisti€ahe

15The reverse is also possible where preferences for certain factors complement éach othe

the example provided this is likely to occur for poverty and residential mobility and could result

in an exaggerated estimate of the effects of those variables. This however cannot be tested here
and compared across the approaches because inrgliegstimated effects in each approach

to be afleast equivalent which is not true (see earlier).
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offed er s & home |l ocati ons. They then pr od:t
distribution. In doing so, they examine the observed journey to crime distances, butignore
the rate at which different distances would be expected, assuming each potential target
area has some likelihood of being selected. To explain why this is important, consider that

if the bin size i, the first bin contains an area equa ito. The second bin will contain

a larger area equal A Ci A 1 ,and so ofi. Each subsequent bin covers a

larger area and so will likely contain more alternatives. Offences are therdfkedymore

in more distant bins. If the constraining effect of proximity is measured in this way (by

the number of offences in each bin) then it will be underestimated as subsequent bins will
have more offences than they should, relative to the true inypagtiduity. In effect,

the distribution will appear more rigdated than it should. In the extreme, if propinquity

has no effect on offending this should create the appearance of a negative relationship
between proximity and offending where offendimgoi® common further from the

of fendersd homes. The appearance of grea"
in offendesbased analyses may also create the appearance of a buffer space in the distance
decay pattern where the peak distance for aftprsdnot in the immediate vicinity (the
first band) of the offender 6s h chasd I n ¢
analyses statistically model the choices made and not made and, so incorporate any

variation in the number of alternativesacheband. It is therefore expected:

Hypothesis\Bhen there are no offence location choice criteria, but the number of
potential alternatives at each distance is not incorporated in the(Enattfgsisier
based analyseempared to choideased analyge proximity is more likely to be

falsely detecteab a significant negative predictor of offending.

16 For exampleif bin size is 1km, the first bin will contao® € | ; the secondi8 & | and the third:
p & @& I and so on where after the filsin each subsequent bin will contain an additiap@al § | .
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Hypothesis\When there are no offence location choice criteria, but the number of
potential alternatives at each distance is not incorporated ihyig(Bnaffender
based analysesmpared to choideased analygebuffer spaces are more likely to

be falsely detected.

These effects are also likely to be exacerbated becauseludfdtianalyses implicitly
assume targets are uniform in naturey,therefore, do not account for any influence

that their characteristics might have on the distances offenders travel to offend. On the
one hand, if offenders tend to live in areas with characteristics similar enough to those
where they prefer to offerglen if proximity is unimportant they will incidentally tend

to travel shorter distances as they are already (by living there) in the areas most attractive
for offending. However, a more realistic scenario as suggested by the results in Bruinsma
et al(2013)see also earlier) is that the areas where offenders, such as burglars, generally
live only bear some similarity to those where they prefer to offend. As such, even if
proximity is unimportant, offenders will travel somendsstep find the most attractive

areas for offending. In either case, distance has no real effect on offending, but by ignoring
the other factors associated with offence locations, offeagtsl analyses may find a

false (likely negative) relationship eetwproximity and offending. In the latter scenario,

the upward bias of offending intensity in later bins relative to the true (no) effect of
proximity may also cause the appearance of a bufferAspdiseussed earlier, unlike
offenderbased analyseshotcebased analyses can incorporate altersptedic

(locational characteristics) and individltainative specific (distance) variables and can

jointly account for the effects of both types of variables. It is therefore expected:

HypothesisvBhenlocational characteristics are the only criteria for selecting offence

locations but are not included in the angliysfendeibased analysesmpared
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to choicebased analy9egroximity is more likely to be falsely deteated

significant predictaf offending.

HypothesisBhen locational characteristics are the only criteria for selecting offence
locations but are not included in the angliysfendetbased analysesmpared

to choicebased analygebuffer spaces are more likely to Iseliabetected.

These effects should also be found (and detected) in more segligicos when
distance and locational characteristics are both criteria for determining offence locations.

This leads to:

Hypothesis Wthen proximityand locational chatadstics are both criteria for
selecting offence locations, the effect of proximity is more likely to be incorrectly

detected (misestimated) in offeruEsed analyses than chbiased analyses.

Hypothesis B/hen proximityand locational characteristiare both criteria for
selecting offence locations, buffer spaces are more likely to be falsely detected in

offenderbased analyses than chbiased analyses.

In contrast to offenddrased analytic approachesobilitybased analyses can
incorporate albf the variables likely to influence offence location choices and hence
might be expected to address the above istmesver, they employ aggregated data
concerning the flow of crime trips from and to each location. As such, to investigate if
and how sugroups (e.g. young and old offenders) differ regarding preferences, separate
models must be estimated for each subgroup. Especially when the number of subgroups
increases, this reduces the sample size available in each model which will diminish their
statstical power. In comparison, chdiesed analyses (using the basic conditional logit)

can incorporate systematic variation between subgroups in the same model through

interaction terms between attributes (of the offenders) which identify the subgroups and
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any of the covariates in the choice model that are expected to vary over the subgroups.
This allows for the more efficient use of the full sample when estimating the model.

Therefore, and using an arbitrary offender attribute:

Hypothesis/@hen proximit and locational characteristics are criteria for selecting
offence locations, and offending subgroups are analysgzhred to choiee
based analyses, for mobitiased analyses the true effect of the variables are
more likely to go undetected (due adistical power) as significant predictors of

offending.

7.3. Methodology

7.3.1. Simulation process

To test these hypotheses a series of datasets were simulated for which the offender
offence decision making rule was known. The advantage of this approach isrthat rathe
than being restricted to identifying the frequency of contradictory results (where
approaches give opposing results for the same variable), it is possible to determine the
rate ofincorrecesults. This is because ttmrecesult (regarding the ditiea and
significance of the effect of a variaisi&hown as it was used when generating the data.

In general, the four analytic approaches can only be meaningfully compared using this
metric (whether the estimated effect of a variable is lgodeietted or not) as the
coefficients from each analysis have different interpretations and so cannot be directly
compared (see also earlier)inkorreasult is therefore either: a) when the effect of a
variable is falsely detected as significant, b) ehefieict of a variable is falsely detected

as not significant, or c) when the direction of the effect of a variable is incorrectly detected
(and is significant). In other words, when there is a type |, type Il or type (i&.grror

Mosteller, 1948; Neymand Pearson, 1933)
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To create the simulated datasets, a sample of 675 (the number of detected offenders in
the Buckinghamshire dataset) artificial burglars are first generated. To test hypothesis 9,
which concerns the influence of offender characteristesartificial burglars are
randomly assigned to one of two typescperp)’. Offenders assigned to group a prefer
targets that are closer to their home locations, whereas those assigned to group b prefer

those located further awkypr all other fipotheses the offenders are identical

Taking the unit of analysis as lower super output areas [LSOA] in Buckinghamshire (see
also later), each artificial burglar is then probabilistically assigned a home location. This is
based on the spatial distribotaf the real apprehended burglars within the study area.

By generating home locations in this way, the simulated burglars (and their offence
location choices) should more reasonably resemble those in the real world. This is
important, not just for ecolagi validity, but because many of the hypotheses are
predicated on rebfe empirical findings such as that offenders tend to live and offend in
certain types of locations (see above). As such, any effects from this may not be found if
the simulated offelers and their home locations were unrealistic (e.g. if they were

randomly assigned a home location).

A behavioural rule is then specified for the simulated burglars in terms of multiplicative
offence location preferences (see also below). For all kihekig8, the burglars share

the same behavioural rule. In hypothesis 9, the simulated burglars share the same
offending preferences except for distance which reverses in direction between, but is
identical within, the two subgroups. The offence locagoisiah process is then

simulated where the likelihood of a location being selected is determined by each

17 The type itself is arbitrary as it is only used to distinguish the artificial burglars into two subgroups to
test the impact of analysing subgroups on the ability to detect effects (hypdhdsi practice, these
subgroups differ in terms of one preferring closer targets and the other preferring more distant targets.
Reasons for such differences could be the experience of the offender in that those which are less
experienced are more likely act impulsively than those with greater experience.
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| ocationsd characteristics and the burgl
such that the probability of a burglar choosing an ageeemby the product of the
burglarsd preference for each characteri
example, consider a study area that contains two potential offence |ératidds,

These locations only differ in terms of their arnofia characteristic. Locatidhas

two units (of that characteristic) whereas locatias zero units. If a simulated burglar
prefers locations with greater amounts of that characterisicextent that for every

unit they are 50 per cent mbkely (or 1.5 times more likely) to select that area (than any
other area), then locatians 2.25 (1*1.5*1.5) times more likely to be selected than
locationb. Or in other words, when generating the offence lochtacesthe offender

has a 69 per seprobability of selecting locatiGnand a 31 per cent probability of
selecting locatian To introduce the influence of chance, decision making is probabilistic

rather than deterministic (see below).

For each hypothesis (except hypotheses 3 and 4 where the offence data are generated wit
no offending preferences) the above process is repeated using five efétarsjtes (
preferences) for each of the variables (see below) that determine offence locations. These
were used to test the extent that the results vary based on thieigcoépreferences.

Following the example earlier, the preferences can be described usaipeddsere

for every unit the odds of an area being selected increases (or decreases for the other type
of burglars in hypothesis 9) multiplicatively@fy, 1.10, 1.25, 1.5 and 2. For example, in
hypothesis 1 the odds of an area being selected increases by 5%, 10%, 25%, 50% or 100%
for every unit of proximity (or for ever
other criteria not noted in the hypesles (including all criteria in hypotheses 3 and 4) do

not affect offence location choices. In other words, those factors which are not stated to

influence their offence location choices are ignored when generating that specific data.
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Examples of the gemded offender and offence datasets (containing 500
burglars/burglaries with burglaries generated using preferences for the locational
characteristics and proximity of 1.5) are provided in Figure 7.1 which show some variation

between the generated datasets.

For each hypothesis, each dataset is also generated using varying numbers of burglaries,
100, 250, 500, 750 and 1,000, to investigate the effect of dataset size on the reliability of
the estimated coefficients. Lastly, for every hypothesis, a toklOoti@&asets were
generated so that no outlying simulated datasets dominate the results, and a summary of
the findings across datasets produced. For hypotheses 12 #ra 5500 datasets

were created by generating 100 replications for each comloihtiefive effect sizes

and five dataset sizes. Because there are no offending criteria for hypotheses 3 and 4, there
is only one effect size (1 or no effect), and so the 2,500 datasets were created by generating

500 replications for each of five dadtages.

7.3.2. Data

The study area for these analyses comprises the county of Buckinghamshire (UK). This
study was selected due to the availability of burglary data on a sample of (675) burglars
who resided within the study area (between April 2004 and Md)ciR@Epatial units

used in this analysis, in terms of the alternatives or the potential locations offenders live

or select targets from were U.K. census Lower Super Output Areas [LSOAs]. These were

selected on the basis that they represent relatiwedgédreous spatial areas. They also

likely reflect how residents define neighbourh@gs Sutherland, Brunt&mith and

Jackson, 2013)here are 319 LSOAs in the study area.

Distances (as used in the analyses of the crime trip lengths that offenders travelled or
must travel to offend) were calculated as the length of the path aloag thetwork

using the Ordnance Survey highways road network dataset. Although some studies use
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Figure 7.1 Examples of the simulaéd offender and offence datasets

Distributiors of where the Distributiors of the simulated Distributiors of the sim
simulated offenders live crime trips offence location:
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Euclidegstraight line) distance, and others suggest little difference between this and road
network distanc@.g. Townsley and Sidebottom, 2@iglidean distance is rejected as

it neglects the role of the configuration of the road network in determining actual path
lengthgRossmo, Davies and Patrick, 20049rLSOA distances were calculated as the
distance between each pair of LSOA centroids, and$@va distances were calculated

as the mean distance between every streetrgegthin each LSOA. Distances are then

inverted (to form proximity) and collapsed into 2knt®bins

The ecological and environmental influences of burglary locations were incorporated
using the 2011 UK census and 20085 UK Valuation Office Agency [VOddta.

These variables (see Table 7.2) are not the primary focus of this analysis, but were selected
due to their general use in related studies and particularly in Bernasco and Nieuwbeerta
(2005) These include ethnic heterogeneity, the percentage of houses that are detached
(whichisegi val ent t o Ber n aisgamily awelinvgridbleeandvb e e r t
residential transiency (all calculated from the Census) and poverty (computed from the
VOA). Further information on the derivation and summary information of these variables

are povided in Table 7.2.

18\When hypotheses are tested by comparing the did¢gayepatterns, only the first 10 bands

are included. This is for two reasons. Firstly, thénmear effects of proximity are hypothesised

to (atleast partly) occur due to the increasing numbers of alternatives at greater distances from
the offendersd homes. However, because the
Buckinghamshire, at some distance (e.g. 20km) the number of alteliatitdzially stop
increasing (and eventually decrease) which will affect the results. Secondly, toloksact non
effects, such as buffer spaces, in clbaised analyses either dummy variables representing
proximity need to be included or somadi@rmation(s) of proximity. While the former allows

the data to speak for itself and so is used, the latter requires those transformations to be specified
and (likely) compared to others to determine the approximate shape. That said, including dummy
varidles for all of the (40) 2km bands would be infeasible statistically in all but the largest dataset
sizes and so a enff, such as 10 bands as identified before, must be used. Those beyond this cut
off (20km+) are treated as belonging to a single baatttrnitted in any subsequent analyses

of the distancédecay shape (e.g. of the relationship between proximity and offending).
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Table 7.2: Summary information of the independent variables used in the analyse

Variable Derivation Mean S.D. Min Max
Ethnic The index of qualitative variation calculate
heterogeneity using white, black, Asian (homogenous 7.9 1.6 3.7 9.7
(10%) categories) and other (heterogeneous)
Households (100 The number of households 6.5 1.3 4.3 11.9
Percentage Thepercentage of households that are

3.6 2.4 0.2 9.7
detached (10%) detached

Poverty The (additive) inverse of theeragenedian

. 49 22 -146 -17
(£50,000) price of households sold

The index of qualitative variation calculate
using residgs in the same area one yeare¢ 8.1 0.8 4.4 9.2
(homogenous) and not (heterogeneous)

Residential
mobility (10%)

Note: All variables are scaled such thatiniténcreases in the variable will be associated with |
negligible influences on offence locations. All variablescader@led so that according to theory
previous studies they should have a positive impact on offence locations.

7.3.3. Analytic methodology

The simulated offence datasets are then subject to various analyses. All of which are
calculated using bditt commands in Sta{&tataCorp, 2015for the targebased
analyses, the relationship between the number of burglaries in each LSOA and its
locational characteristics (see Table 7.2) were extusatg courtased regression
models. This type of statistical model was used as numbers of burglaries at the micro
level represent relatively rare events and tended to concentrate across LSOAs to
approximately form a Poisson distribution. Although dPoissgressions could be
estimatedhegative binomial rediéBstdmodels are favoured and so are estimated. This

is because unlike Poisson regressions, NBRs add-dismsesion parameter that can
account for the existence of unexplained varigbgitween LSOAgreene, 1994If

the dispersion parameters are close to zero, the NBR approximates the Poisson model,

so there is no disadvantage to its application.
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For the offendebased analyses, the first part of the conventional JTC methodology was
followed where the distribution of crime trip lengshsplit into ranges (bins) and
represented by the frequency of crime trips within each bin (i.e. as a histogram). For this
analyss, various bin sizes were tested (1km, 2km and 5km) but the analyses were sensitive
to or obscured by the smaller and larger bin sizes respectively. As such, bin sizes of 2km
were used. In typical analyses of the resulting histogram researchers lgftdrssimg

its shapée.g. Canter and Youngs, 2@08it a mathematical funah (e.g. Kent, Leitner

and Curtis, 2006)ereasimpler (cmpared to the latter) but testafinlike the former)
approachis taken. This is because only two aspects of the didemageshape are
importantin these analysebe general relationship between proximity and offending
intensity and the presencedbsence) of bufferspacks such, Spear manos
between the number of crimes in each band and the distance interval of the bands, is used
to identifyany systematic effectmbximity(in hypotheses 3 and 5). For hypothesis 7,

the shape of thdistancalecay pattern is compared to that expected by the underlying
preference for proximity (that was used to generate the data) ussogiarelgoodness

of fit test. Exact cksquare tests are used to identify buffer spaces (hypotheses 4,6, and
8)by comparing the frequency of offences in the first band and the subsequent band with
the greatest number of offences. If they significantly differ, and the subsequent band has

a greater frequency of burglaries, a buffer space is present.

For the mobilibased analyses, burglary flows between LSOAs are modelled using
countbased regression models. These are used rather thaditleardspecification
employed in previous criminological stu@ies Elffers et al., 2008) several reasons.

For example, flows are frequently zero which cannot tiacaged. The standard
countermeasures to this such as truncating zero flows or adding a small positive number

can lead to nenegligibly biased estimgtae also Burger, Van Oort and Linders, 2009)
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Furthermore, for the same reasons as for the-baged analyses, NBR (gravity) models

are estimated. Hetbe number of crime trips between each pair of origins and
destinations is the dependent variable. The explanatory variables are the locational
characteristics of each destination (see earlier), the distance between each pair of locations,
and like othemsimilar analyses, the number of cleared burglaries from each origin
(outflow) and the number of cleared burglaries to each destination (inflow). The inflow
variable also acts as a proxy for other unmeasured characteristics that make locations
attractive taurglars. For the analysis of offending subgroups (see hypothesis 6), separate

models are estimated for the two subgroups.

For the choicéased analyses, the popular and basic conditional logit model is used which
requires three elements to be definedsdlare the actor making each location choice

(the individual burglars), the alternatives they are choosing between (LSOAs) and the
criteria used to choose between the alternatives (the variables outlined earlier). The model
assumes thendependence elevent alternafil@$ where the choice between two
alternatives is independent of all others. IIA can be violated when the alternatives are
similar. This assumption was tested by applying the Hadsfraader(1984)est on

ten percent of the synthetic datasets, and no significant issues were identified. To compare
the results regarding proxynand buffer spaces with the offedol@sed analyses
(hypotheses-2) proximity is entered as a dummy variable and the predicted frequencies
(after the statistical model accounts for all other influences) of offences within each
proximity band are calatéd. The distance decay pattern is then analysed using the same
approach as that used for the offedmesed approach results (see also earlier). This
approach is taken so that the detection of any effect of proximity, particularly any
nonlinear effect sh as buffer spaces, is identified through a comparable approach to

that used for the offendbased results. As such, any differences can be attributed to the
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approach to analysis. For all other analyses, standard peagtid®@ernasco and

Nieuwbeerta, 200B) followed where proximity is entered as a continuous covariate.

To test hypot hg&rndMc Nemal Gsteestdsequi ve
Obuchowski [YMO] tes{¥ang, Sun and Hardin, 2010; see also Obuchowskiat©98)

used. In this case, to determine if there are significant differences in the number of (type

[, I and/or 1l) errors between the compared analysesseltests are used here because

the data are paired. To explain, the units of analysis are each of the variables/effects
(related to the hypotheses) in every dataset and the response of interest is whether an
error (type 1, Il and/or 1ll) is found. Theraf® each unit of analysis has paired
observations whether an error is discovered in either of the two compared analyses
and so P eguarstestl®d0)are toi appropriate. For hypothes@&seach

analysis provides a single observation (thet eff proximity or presence/absence of
buffer spaces) from each dataset and so
hypotheses, each analysis provides multiple observations (for each locational
characteristic and proximity) from each datasesatiite observations are clustered
within those datasets. As such, Mc Nemar 0O
is used and preferred over other similar tests due to its general superior performance and
because it is free of assumptions regatigéngtructure of the correlation in the data

(Yang, Sun and HardinQ1D) These tests were <calcul at

packagéGopstein, 2016 the statistical software environme(lRFCore Team, 2016)

7.4. Results

7.4.1. Target-based analyses
The first two hypotheses concern tabgeted (and choibased) analyses. The first
hypothesis predicted that when proximity is the only factor determining offence locations,

errors interms of locational characteristics falsely detected as significant predictors of
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offending are more likely in targesed analyses than chb@sed analyses. The
associated YMO test which compares the proportion of errors in the two analyses of the
samesimulated datasets supports this prediajiont8t p. Specifically, only 5% of the
locational characteristic variables (across datasets) were falsely detected as significant

predictors in the choid®msed analyses compared to 25% in the-beaged analyses.

As shown in Figure 7.2, the proportarerrors is relatively consistent in the choice

based analyses across locational characteristics (between 4% and 6%) and when the
datasets are generated with different numbers of burglaries and effect sizes (of proximity).
In comparison, they substanyiaihry for the targétased analyses across the locational
characteristics (from 6% to 73% for the ethnic heterogeneity variable) and increase with
larger datasets (from 16% to 31%) and effect sizes (from 11% to 37%). This variation in
the frequency of ars across locational characteristic variables in thebteget

analyses generally follows from what was expected in that the locational characteristics

Figure 7.2: The percentage of locational characteristic variables falsely detectes
significant predictors of offending by locational characteristic datasetsize anc
effect size Of proximity) in target-based and choicebased analyses (hypothesis

Locational Characteristics
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most associated with where offenders live (ethnic heterogeneity and poverty; see also
Table 7.1) ammost likely to falsely appear as predictors of offending. The exception to
this is the 6énumber of householdsdé vari al
unl i ke the wvariabl es abov el97®)nitddoes hoh t e xp
substantially spatially agtmrelat®. In other words, LSOAs with high or low numbers

of households do not cluster. As such, when proximity is the only factor determining
offence locations, those locations nearfareoh d er 6 s home where t he
offend due to their proximity are not much more likely to also contain high or low

numbers of households than those further away.

Regarding dataset and effect sizes, the results are also as expected. ¥he ability
statistically detect effects, which in these analyses are falsely significant locational
characteristic variables caused by the effect of proximity, depends on statistical power.
This increases with larger datasets and when the apparent effecldégwhrch will

appear to increase when the effect size of proximity is larger as offenders are more likely

to offend in closer locations) is greater.

For the second hypothesis, proximity and locational characteristics both determine
offence locations. Heever, it is expected that the true (positive) effects of locational
characteristics on offending are more likely to be misestimated (either as not significant

or as negative predictors) in tatggeted analyses than in chbaEsed analyses. The

¥YOne way to measure spatial au(l9%@uwichrasdeat i on
from -1 when areas with high and low values are perfectly spatially dispersed (e.g. like a chess
board), 0 when those areas are equally clustered and dispersed (i.e. randomly located) and 1 when
they are perfectly <clust er edslighttyfi mdgy buthi s, t
significantlyf{ T8t ) clustered whereas ethnic heterogef@ity@® &) 18t pand poverty

(O m@ b T8t pare both substantially and significantly clustered. For interest, the percent
detached is also substantially andfismmly auteorrelated 'Q & ¢ 7181 ) while

residential mobility@ 1@t 1) 1@ pis slightly but significantly aaturrelated.

158



Chaptef7: Comparison of the approaches to analysing offender locafenepces

significat YMO test of this hypothesis supports this predictjon 18t p where 27%
of the effects of locational characteristic variables were incorrectly detected in choice

based analyses compared to 47% of the same variables in dhasedgatalyses.

As shaevn in Figure 7.3, the percentage of errors for both analytic approachesyagain
across the locational characteristic variables, being between 21% and 45% for the choice
based analyses and between 27% and 99% for thédaegkainalyses. Although the

large number of errors for ethnic heterogeneity (intaged analyses) can be explained

by its high spatial autorrelation (see above), the relatively higher numbers of errors for
residential mobility (in both types of analyses) cannot be explaittesl dame
mechanism. This increase though may be explained by the distribution of the variable, in
terms of its low dispersion (see also Table 2) across the LSOAs. In more detall, if the

values of one variable (e.g. residential mobility) across LSOlAsrallara(close to the

Figure 7.3. The percentage of locationhcharacteristic variables undetected
significant positive predictors of offending bylocational characteristic datasetsize
and effect size (of all variables)in target-based and choicebased analyse
(hypothesis 2)
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mean), the statistical models may be unable to recognise its impact, in this analysis its

positive impact, on offending.

For both approaches to analysis, the percentage of errors decreases as datasets and effect
sizes become largér a similar way to hypothesis 1, this is to be expected as the errors
(likely to be) found in these analyses are where the variables are not detected as significant,
and these are more likely in smaller datasets (as the statistics have less pbarer) and w

the underlying effect size is small and does not substantially differ from no effect.

7.4.2. Offender-based analyses

Hypotheses-8 all concern offendéased (and choibased) analyses and predict the
distributions of the distances offenders travel tod&esmore likely to show incorrect
results (errors) in offendeased analyses than chbiased analyses. In particular, they
are more liable to find negative relationships between proximity and offending
(hypotheses 3 and 5), misestimate the constdtiplivative effect of proximity

(hypothesis 7) or falsely detect buffer spaces (hypotheses 4, 6 and 8).

Hypotheses 3 and 4 were tested using simulated offenders that had no offending
preferences. As such, the distalemay pattern should appear as mlistraorizontal

line as offences are equally likely in each distance band. Shown in the top panel of Figure
7.4 are the distributions of offences over the first ten distance bands for two example
simulated datasets, and in the bottom panel, the aveosgeallatatasets according to

both approaches to analysis. From a visual inspection, the distributions are somewhat
similar.However, further inspection shows that it is clear that all three distributions
appear to show an overall positive relationshigebetoffending and proximity when

using offendebased analyses, but not when using ebagasl analyses. Similarly, buffer
spaces also seem to be present, or at least more prominent, in thebaf$eddaralyses

than the choicbased analyses. Staidtanalyses of these distributions support these
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Figure 7.4: The percentage of offences across the firdDdistance bands in tw
example datasets (top) and the average across all datasets (bottom) using offet
based and choicebased analyses (hypotheses 3 and 4)

Example Dataset 1: Dataset of 250 burglaries Example Dataset 2: Dataset of 750 burglaries
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5th-95th percentile (choice-based analyses) 5th-95th percentile (offender-based analyses)

----- Linear trendline (choice-based analyses) - - ---Linear trendline (offender-based analyses)

observations with none of these errors found in the dvmseel distributions while

buffer spaces were found in all three offebdsed distributions and positive
relationships (between offending andipmity) were detected in the first example dataset
and the average dataset. A significant
generated datasets support these findings. More specifically, a negative relationship was
found in 4% of the datasethen subjected to choibased analyses compared to in 37%

of the same datasets when subjected to offbaded analyses ( 18t p. Similarly,

buffer spaces were found in 35% of the datasets when subjected-tuackdiemalyses

compared to 88% of the datasets when using the offexsdel analysep ( T8t .
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As shown in Figure 7.5, both types of errors were also generalfyequent for larger
datasets. For example, buffer spaces were found in every dataset generaté@@aith 500

burglaries when subjected to offedmiesed analyses.

Hypotheses 5 and 6 test whether the consideration of locational characterisics (but
proximity) leads to errors of inference regarding the role of proximity on target choice.
Shown in the top panel of Figure 7.6 are the distributions of offences for two new
example simulated datasets (using this offence location criterion), arubftorthe

panel, the average across all simulated datasets, when subject tdadtzhderd

choice based analyses. From a visual analysis of the clfesel@results, there (again)
appears to be negative relationships between proximity and offenturffeasgaces.

In comparison, the patterns for the chdiased analyses appear to (correctly) indicate

no (systematic) relationship between proximity and offending, though there may be a
slight positive correlation in the second example dataset. dlsealdo suggest the
absence of buffer spaces correctly. The statistical analyses of these distributions find the
same results and arns 1@ comngareng thecréseltsmfaoma@ls t e s
2,500 generated datasets. In particular, significaritvénegagositive) relationships

between proximity and offending were far more likely to be found in the effeswhbr

Figure 7.5. The percentage of errors foundin terms of negative relationship:
between proximity and offending (hypothesis 3) and the presence of buffer spe
(hypothesis 4), in the distance decay patterns from offendbased and choice
based analyses
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100%
80%
60%
40% /—/ ,’\/—
20%

—

Errors (%)

100 250 500 750 1000 100 250 500 750 1000

Choice-based analyses — O ffender-based analyses

162



Chaptef7: Comparison of the approacheshalysing offender location preferences

Figure 7.6. The percentage of offences across the firtDdistance bands in twi
example datasets (top) and the average across all datasets (bottom) u
offender-based and chace-based analyses (hypotheses 5 and 6)

Example Dataset 1: Dataset of 250 burglaries Example Dataset 2: Dataset of 750 burglaries
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analyses (in 73% of the analyses) than in tfasied analyses (in 7%). Likewise, buffer
spaces were also more likely to be foundfémagrbased analyses (in 95% of the

analyses) than in cholmzsed analyses (in 42%).

The frequency of these errors in datasets generated with different numbers of burglaries
and effect sizes are shown in Figure 7.7. Of note, errors are more comreaden off

based analyses when using larger datasets including where buffer spaces were found in
97% of the datasets generated with 250 burglaries and 100% of the datasets generated
with 500, 750 or 1,000 burglaries. In comparison, the frequency of ermcebaskd

analyses remains relatively consistent.

For the final hypotheses, 7 and 8, regarding offbaded analyses, a more realistic

model of offence location choices was simulated. Here, the artificial offenders selected
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Figure 7.7: The percentage of errors foundin terms of significant relationships
between proximity and offending (hypothesis 5) anthe presence of buffer spac
(hypothesis 6), in the distance decay patterns from offendeased and choice
based analyses
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offence locations by congieg the locational characteristics and proximity of each
potential target location. Shown in the top panel of Figure 7.8 are the distributions of
offences for two new example simulated datasets (using this offence location criterion),
and in the bottom meel, the average across all the simulated datasets when subjected to
offenderbased and choitsed analyses. From a visual inspection of these distributions,

it appears the distributions from offerdased analyses are substantially different from
thoseexpected by the effect of proximity, including where buffer spaces seem to be
present in all datasets. In comparison, the distributions fromlwdsgceanalyses are

very similar to those expected, and no buffer spaces appear to be present. Hhe statistic
analyses of these distributions generally support these qualitative findings though they fail
to detect any buffer space in the second example dataset as the numbers of offences do

not differ enough. The McNemarrrsaciosst s c

2,500 datasets are also both signifigantt@t p where the distributions of offences
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Figure 7.8 The percentage ofoffencesacross the firstlOdistance bands in tw
example datasets(top) and the average across all datasets (bottom) usi
offenderbased and choicebased analyses (hypotheses 7 and 8)
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significantly differ from that expected in 72% of the theged analyses compared to
2% of the choicbased analyses. Also, buffer spaces were fourf iof he target

based analysis distributions compared to 13% of the-lchsézbanalyses.

As shown in Figure 7.9, the proportion of distributions with errors also vary to some
degree when produced from different sized datasets and datasets geneliffexéntith

effect sizes. Of note, buffer spaces are more likely to be found ibasedgeainalyses

when the datasets contain greater numbers of offences. These also become less frequent
(in both types of analyses) when larger effect sizes (for alvafidives) are used.
Regarding the shape of the distalemay pattern compared to that expected by the

influence of proximity, these errors are present in almost alb&sgianalyses so no
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Figure 7.9: The percentage of errors foundjn terms of significant differences
between thedistributions of offences and that expected by the effect size
proximity (hypothesis7) and the presence of buffer spaces (hypothes®, in the
distance decay patterns from offenddnased and choicebased analyses
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trend can be substantiated. For chbased analyses, tesrors appear to be relatively

consistent across dataset and effect’sizes

7.4.3. Mobility -based analyses

The final hypothesis of this section, hypothesis 9, concerns +habéiy(and choice

based) analyses. This hypothesis predicted that when offengliogpsuare analysed

using mobiligbased analyses, because separate models must be estimated for each subset,
the effects of variables is more likely to go undetected (as significant predictors of
offending). The YMO tests of this which compare the fregudrerrors (any variables

going undetected) in the chdb@sed analyses to the mobilaged analyses of the same

simulated datasets supports this predigjiont(@t p. In particular, in the choibased

20 Note that in theeanalyses effect size refers to that for all varipldes(ityand locational
characteristi¥sVhen the effect size for proximity is larger than for the locational characteristics
buffer spaces become less frequent.
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analyses only 20% of the variables (across all datasets) were falsely found to be non
significant predictors of offending compared to 51% (or 50% and 51% in each of the

models of the two subgroups) of the véemtvhen using mobilbased analyses.

As shown in Figure 7.10, in the chdiased analyses similar proportions (22% to 25%)

of four of the six variables went undetected as significant predictors of offending. The
exception to this are residential miytifiee earlier) and proximity which was detected in

all but 1 of the analyses. Overall, relatively similar proportior8Q%g%f all variables
(excluding the distance variable) went undetected as significant predictors in the mobility

based analyses.

As also shown in Figure 7.10, but as would be expected, in both approaches to analysis,
the proportion of variables that go undetected decreases as datasets and effect sizes (of
all variables) increase. Regarding the dataset size, it is evident fram (Fipatethe

choicebased analysis requires far fewer burglaries to estimate the effects of the variables

Figure 7.1Q0 The percentage of variables that go undetected as significi
positive/negative predictors of offending by the variable, datasetsize and effec
sizein mobility -based and choicebased analyses (hypothesis 9)
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correctly. This is true even when considering that each rhaisiity analysis has half

the sample (as the sample must be divided into the sigbgmdumodels run for each)

as that used in the equivalent chbased analysis. For example, using YMO tests, there
are still a significantly greater proportion of variables which are not correctly detected as
significant predictors of offending in theotwobilitybased analyses using 1,000

burglaries than the choioased analysis using 100 burgla@yiesr@t p.

7.5. Discussion

The aim of the analyses presented in this chapter were to compare the accuracy of the
four analytic approaches commonly used in the literature to examine offender location
preferences. To test their accuracy and susceptibility $o thia$eur approaches were

used to analyse synthetic datasets for which the data generating process was known. The
expectation was that the chdiesed approach would be the most accurate, and that the
alternative approaches would be more likely ta tle¢eiofluence of factors that were

not involved in the generation of the synthetic data.

The analyses conducted to test hypotheses 1 and 2 showed that typicasddrget
analyses, which omit the role of proximity, can falsely detect certain \a&sgiables
influencing offending patterns even when they do not. Similarly, the analyses for
hypotheses -8 showed that the environmental backcloth can cause offasdér

analyses to suggest incorrect relationships between proximity and offending even when
theydo not exist. This includes falsely detecting Hikidegffects. For example, although
different bands are used, Figure 7.11 shows the buffer spaces observed in published
studies using the offendesed approagh.g. Canter and Youngs, 2008; Rossmo, 2000)

are not unlike those which (falsely) emerge for analyses conducted using the same analytic
approach when no such pattern actually exists. Lastly, the asalgses/atl that when

modelling limited systematic differences between subgroups (i.e. in the case of systematic
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Figure 7.11 The percentage of offences by distance band for arsons (left) fr
Rossmo (2000) and residential burglaries (right) from Canter and Youngs (20
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differences in one variable), chdiased analyses are more efficient than the equivalent

mobilitybased analyses.

In summary séar, these ahgmes suggest that, all else being equal, thathzssde

analyses are more likely to detect the effects of variables correctly than the other
approaches. One weakness with these analyses is that they assume that equally sized anc
biased datasets woulel &vailable for all four types of analysis. In reality, the different
types of analysis require different data and that data can differ based on attrition (see also
Chapter 8). For example, because thegetd analyses only require reported crime while

the other approaches require detected crime. The effects of this are examined in Chapter

8.
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Appendix A. Multi -level mixed-effects Bernoulli regression of

the clearance rates of crime

To estimate the influence of possible factors on the likelihood of an offendedrenhg

an approach similar to that used in lRa@(2007)is employed. More specifically, a
multi-level mixeekffects Bernoulli regressitis estimatedhere burglaries (level 1) are
clustered within LSOAs (level 2). The dependent variable, whether a crime is cleared or
not, is measured at the incident (or burglary) level. These burglaries are derived from
police.uk open data and whether they are cleared cleared is calculated using the
criteria in Table 7.3 below. Between 2013 and 2016 there were 10,220 burglaries in the
study ar€d Of these 353 were omitted because of the outcome, in terms of whether an

offender is arrested or not, is unclear.

For consistency with the analyses in the main part of this chapter and because police.uk
data is relatively accurate, particularly for burglary, at this spaflfanypsion etl.,

2015xand so is appropriate for defining the clusters, the clusters and the seven explanatory
variables are measured at the LSOA level. Four of these variables are included in this
analysis on the basis of their use in the main part of this cHagteaid, they are also

hypothesised to affect burglary clearance rates in the following ways:

1 Firstly, and also in line with Par@l(2007) poverty isikely to affect crime clearance
rates in two contrasting ways. The first follows that the police are known to target and

patrol poorer communities more thoroughly than those that are more affluent areas.

21 Note that the Bernoulli regression should generate approximately the same results as the
equivalent logistic regression.

22 For compaeson, equivalent analyses of whether a burglary is cleared or not but using all
burglaries in the UK rather than in the study area is also presented. Note that due to the limited
availability of police station location data, the police workload ancedistiecnearest police

station variables (which require this data) are omitted from these analyses.
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The alternative argument is that the policesar&mbwn to discriminate againstlow
status victims (such as those that are poorer) and so may not be as thorough in their
investigations of crimes against these victims. The evidence for either hypothesised

effect, however, is mixed.

Table 7.3: List of police.uk crime outcome categories and their classification

06clearedd, o6not clearedd or ON/ AD

Police.uk outcome Cleared N N
Outcomes (Study Area) (UK)

Action to be taken by another organisation Cleared 1 114
Awaiting court outcome Cleared 23 6,107
Cout case unable to proceed Cleared 42 4,894
Court result unavailable Cleared 183 33,524
Defendant found not guilty Cleared 110 12,496
Defendant sent to Crown Court Cleared 2 123
Formal action is not in the public interest Cleared 16 2,911
Further inveggdation not in the public interest N/A 1 1 153
Investigation complete; no suspect identified Not cleared 8,477 1,233,654
Local resolution Cleared 8 3,586
Offender deprived of property Cleared 0 16
Offender fined Cleared 10 1,013
Offender givea cautio Cleared 41 5,216
Offender givea drugs possession warning Cleared 0 57
Offender giveabsolute discharge Cleared 0 61
Offender given community sentence Cleared 57 9,599
Offender giveronditional discharge Cleared 2 1,090
Offender given penalty iwat Cleared 0 58
Offender given suspended prison sentence Cleared 31 6,528
Offender ordered to pay compensation Cleared 1 223
Offender otherwise dealt with Cleared 2 1,164
Offender sent to prison Cleared 235 32,242
Status update unavailable N/A L 316 210,628
Suspect charged as part of another case Cleared 75 18,200
Unable to prosecute suspect Not cleared 551 57,471
Under investigation N/A 1 34 6,293
Unknown (Blank) N/AL 2 828

1These are excluded as it is unclear from the category if an offermdiemtifiag and charged.
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1 Secondly, it coulcelexpected that the percentage of dwellings that are detached may
be negatively associated with crime clearance rates. This is based on that these types
of dwellings are offset frotineir neighbouring dwellings and often the road serving
them (i.e. by a gen or yard). This may prevent witnesses (neighbours or passersby)
from either reporting the burglary which would allow the police to arrive more
promptly (increasing the chance of apprehending the offender during the crime) or
from being able to witnes®e burglar and provide a description which may help in
their identification and apprehension.

1 In a similar vein to how they may influence burglary rates, residential mobility and
ethnic heterogeneity are also likely to negatively affect burglary clasantes
is because these factors are expected to regulate the ability of communities to establish
shared values and social control (further information is available in Chapter 2). As
such, suspected burglaries (in those communities) may be lesbdikelestigated
by their neighbours who could then provide a description of the burglar(s) or report
the burglary while it is in progress.

1 Also, although the number of households (within a LSOA) is justifiably used in the
main analysis of this chapterthis analysis the number of residents (in a LSOA) is
used instead. This is because LSOAs with large amounts of people are more likely to
provide greater anonymity for burglars. The number of residents (in a LSOA) is also
likely correlated with the nuerbof dwellings and so given the rationale for the
former, the latter is omitted.

1 A further two explanatory variables, police workload (burglaries per police officer)
and distance to the nearest police station, are also included in this analysis. For the
former, this is based on that greater workloads likely limit the resources available to
investigate each crime. As such lower rates of burglary clearance are to be expected.

For the latter, this is based on the premise that offences near a policerstagion ca
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responded to more quickly (if reported). It also requires fewer resources to visit and
investigate the crime location (as it is closer) so it is plausible that the police are more

likely to investigate it more thoroughly.

Also, although the distanceb ween t he offender s home an:q
to play some role in the likelihood of a burglary being cleared, it is not possible to include
this variable in this analysis. This is because for offences that are not cleared (where no
offende has been identified) it is impossible to know the distance that the (unknown)

offender travelled.

A summary of the variables included in this analysis including information about their
derivation is provided in Table 7.2. The results of the analysike(ammparison
analyses) are presented in Table 7.1. Theatiddg OR] reported can be interpreted as

the multiplicative effect of a earit increase in the explanatory variable on the likelihood

of a burglary being cleared.
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Dirty data I n o
preference

In Chapter 7the differences between the four approaches for analysing offence location
choices were examined. That is by generating a series of synthetic offender and offence
location datasets. Those datasets were then subjected to analyses from the four
approaches and the number of incorrect reisulesms of type |, Il and Il errors, were
comparedThese analyses suggested that, all else being equal, tHzasdohi@dgses

are more likely to detect the effects of variables correctly than the other approaches. The
data generating process used however ignored that the different types of analysis require
different data and that these data can differ based on attritischapter the expected
differences between the approaches and the findings from Chapter 7 are investigated
further by incorporating the data attrition and the concegiittpfdatanto the data
generating process. Techniques for reducingutider oferrors in the statistical

estimates in the two key (tafigased and chouxmsed) approaches are also examined.
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8.1. Data attrition

In Chapter 7, the analyses suggest that, all else being equal, thasedaralyses are

more likely to detect the effedst variables correctly than the other approaches.
However, these hypotheses so far havetbsted using equally sized datasets for each
analysis. In reality, it is unlikely that equally sized datasets would be available for each type
of analysis. To ebgn, the different types of analysis require different data and the
different types of data differ in availability. To make things concrete, consider the attrition

of (100) burglaries in the UK criminal justice system in Figure 8.1. Firstly, of the
populdion of burglaries that occur, only around 60% are reported to the @il

for National Statistics, 2010f these, around 89% are correctly recorded as burglaries
(Her Maj estyds | nspe cAsosuch,tfrem tleefpop@ationoft a b u |
burglaries that occur in a given area, the policaheawéfence locatiorswhich are

required for targdtased analyse®r around 50%. The other types of analyses (including
choicecbased analyses) require offende+y 1info
least approximate) home locations. Thedgses, therefore, nedehrdulirglaries where

the offender(s) are identified. Given the clearance rate for burglaries is often relatively
small at about 10%oonly around 5% of the population of burglaries are typically available

for these analyses.

Although the choicbased analyses favoured well against theltasgetanalyses (and

the other types of analyses) in Chapter 7, tHeltedecrease in the amount of data
available in real world datasets will likely impact upon the statistical Eowéyrset
conducted using this approach. This could be to the extent that despite the possible

limitations of targdhased analyses (see earlier), they could be better equipped for dealing

23 Calculated for the years 20@914 using police.uk data. See also Appendir &hapter 7
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with smaller samples of burgldfidased on this, it is hypothedishat when creating
a synthetic sample of burglaries and randomly sampling from this to mimic the attrition
observed in realorld data (50% for targedsed analyses, and 10% from those for

choicebased analyses):

Hypothesis\When samples of burgksiare randomly drawn from a population
of burglaries, at smaller population sizes the true effects of variables are more
likely to be correctly detected as significant predictors of offending-baseget

analyses than choisased analyses.

HypothesdsWhen samples of burglaries are randomly drawn from a population

of burglaries, at larger population sizes the trugseffe variables ate be

Figure 8.1: Sankeychart of the attrition of 100 burglaries in the UK criminal justic
system

Reported and correctly recorded (53)
Available for target-based analyses

Reported, correctly
recorded and cleared (5)
Available for other
(including choice-
based) analyses

Not cleared (48)

Not correctly
recorded (7)

Not reported (40)

24 There are also other reasons for using faagetd analyseser those that require cleared

offences (i.e. choitrased analyses). One key reason is because of the sensitivity (and legality) of
sharing offendersd home addrbasdcanadyseswilnotées ear c
possible.
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correctly detected as significant predictors of offending in-bhegx: analyses

than targebased anadegs.

While the above process assumes the likelihood of a burglary being cleared is random,
researclée.g. Paré, Felson and Ouimet, 2803Jgests there are geographic variations in
(burglary) clearance rates based on certain factors. If these factors are explanatory
variables in the choice model orvaoy with those variad (e.g. in the case of the
number of households and number of resid
estimates will be biasgsge also Manski and Lerman (1977) for a technical description
specifically in terms of the conditional logit modédye explicitly, these factors will

cause burglaries in certain types of areas to beoovedesrepresented in the data
analysed by this approach. The result of this is that if they are more frequent, it will appear
that the characteristics of those areas are more attractive than they should be and this will
exaggerate the anal ysi s0 ;asdivicemaxsamrdhosenf | u
that are less frequent. Those variables will then be more or less likely to be correctly
detected as predictors of offending. This can be compared to sampling bias where if some
members of the population (of burglaries) are quallg likely to be included in the

sample (that is analysed), the results of the analysis can be misrepresentative of the
population. As such, based on incorporating the likelihood of a burglary being cleared

(see Appendi& in Chapter Yin the samplingf burglaries, it is expected:

Hypothesis\Bhen samples cfeardalirglaries are nemndomly drawn from a
population ofreported and recbulgldries, the true effects of variables are less
likely to be correctly detected as significant positigetpre of offending in

choicebased analyses than if they were randomly drawn.

Hypothesis\WWhen samples cfeardalirglaries are nemandomly drawn from a
population ofreported and recbrolglhries, at smaller population sizes the true
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effects of ariables are more likely to be correctly detected as significant positive

predictors of offending in targedsed analyses than in chbmsed analyses.

HypothesisWhen samples afeardalrglaries are nemndomly drawn from a
population ofreporteshd recordmdglaries, at larger population sizes the true
effects of variables are more likely to be correctly detected as significant positive

predictors of offending in choibased analyses than in tabgesed analyses.

8.1.1. Methodology

Smulation process

To test these hypotheses, a similar simulation process (and general methodology) to that
used in Chapter 7 and particularly for the comparisons of thégmegtand choice

based analyses in hypotheses 1 and 2 in that chapter, is followed. Mcallyspattitr

than generating datasets of 100, 250, 500, 750 and 1,000 burglaries which are then all
included in the subsequent analysespberdation datesetggenerated which contain

2,000, 5,000, 10,000, 15,000 and 20,000 burglaries. Sangsesbofgtaries are then

drawn based on the rates of attrition described above to give détegmisteand
recordedrglaries containing 1,000, 2,500, 5,000, 7,500 burglaries which are then used in
the targebased analyses. Lastly, samples fromdatsets are drawn to give datasets

of cleardalirglaries containing 100, 250, 500, 750 and 1,000 burglaries that are used in the

equivalent choideased analyses.

For hypotheses 1, 2 and (half of the data in) 3 this sampling is random. Each burglary in
the population (dataset) has an equal probability (50% based on the figures above) of
beingreportethdrecordadd therefore included in the tafdge$ed analyses. Eagported
andrecordedrglary then has an equal chance (10% based on the figngeefdi®ing
clearehd therefore included in the equivalent clii@ised analyses. For half of the data

used in hypothesis 3 and all of the data for hypotheses 4 and 5, the dreportgat
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recordedrglaries from the population dataset remlagnsame. However, variations in
clearance rates are incorporated when sampling for thebelseidenalyses. Here, the
likelihood of a burglary beinjeareid determined by unequal probability (weighted
random) sampling based on the results of an emhpinialysis of the Buckinghamshire

data.

For this analysis, the odds of a burglary being cleared is estimated uskhgval multi
Bernoulli regression of burglary clearance in the stusegrégppendix & Chapter 7

for further information on thesmalyses). These odds are shown in Table 8.1 but to give

an example, burglaries are 0.96 times as likely to be cleared (and included in the sample)
for every additional 100 residents living within the LSOA where the burglary was

committed. These variab#e calculated as described in Chapter 7 (see Table 7.2).

Analytical methodology

For the previous hypotheses in Chapter 7, the measure of model performance was
estimated in terms of the number of errors associated with a particular technique. For
examplein the equivalent comparisons of the tavgeéd and choidxased analyses

presented for hypotheses 1 and 2 in Chapter 7, the hypotheses predicted specific results

Table 81 The estimated oddsratios of where burglaries are cleared
Buckinghamshire

Variable Estimated Odds
Distance to nearest police station (km) 0.99
Ethnic heterogeneity (10%) 0.86
Percent of houses that are detached (10%) 1.04
Police workload (burglaries per police officer) 0.97
Poverty (£50,000) 1.09
Residential mobility (10%) 0.87
Residents (100) 0.96
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regarding locational characteristics (that were estimated in both approaches) and
comparedthe frequency of errors in the estimated effects of those variables. The
observations, the presence or absence of an error for each locational characteristic
variable, from one analysis could, therefore, be paired with the equivalent observation
fromthea her analysis. The advantages of thi
tests and YMO tests (e.g. statistical power) over alternatives could therefore be exploited.
However, for all of these hypotheses except 3 which also uses the YMO test, these tests
are not applicable. This is because these hypotheses concern the overall error rate across
all (includable) variables to determine which type of analysis is least or most likely to detect
incorrect effects. Therefore, because the ebagszl analyseslimte and estimate the

effects of proximity and this cannot be incorporated in-tzagetl analyses, not all
observations can be matched across analyses. As such, and because the data is still
clustered (see eadustedclequaredst(DO89jsrusetfliasedanl ust e
its overall performance including those over other alternative @gsing, Ahn and

Donner, 2001; Jeong, 2016) These tests wer e kagglesnaffl at ed

and Lancelot, 2008) Stata 14StataCip, 2015)

8.1.2. Results

Hypotheses 1 and 2 regard the correct detection of the effects of variablebaséarget

and choicévased analyses when the samples available for each analysis are randomly
drawn from a population of burglaries. Overall, a sighificad 0 n n-squadestestc h i

(n ™3 P indicates a statistically significant difference between the 33% of effects

(across all variables and datasets) that were incorrectly detectesbaséargetalyses

25 An alternate to this that still incorporates the advantages of matched data is to use YMO tests
and exclude the results regarding the distance variable. For comparison this approach was also
tested but it gives the same pattern of results and so is not disdiresed fu
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compared to 23% when the equivalent (random) sample is subjected {masHoice

analyses.

Shown inFigure 8.2are the percentage of errors (incorrectly detected effects) in the
targetbased and random sample chbased (and nemndom sample choibased)
analyses for each variable and for each population and effect sizecuisedtie data.
Similar to the results @hapter 7 fohypothesis 2 (which is an equivalent analysis but
using equal and, for the targased analyses, smaller samples), the proportion of errors
varies across the variables for both analyses and wede#se with larger population

and effect sizes (see earlier for likely explanations of this).

More specifically fonypotheses 1 and the graph suggests and is supported by
signi fi candggua® testsn(a@l r s thatlerrors are more likeh target

based analyses (red) than random sample -basamk analyses (blue) when the

Figure 8.2: The percentage of variables that go undetected as significambsitive
predictors of offending by variable, poplation size and effect sizeaccording tc
targetbased analyses and choiekased analyses using randomly sampled a
non-randomly sampledc/eareaburglaries (hypotheses-b)
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population datasets contain 5,000 or more burglHniesequates to 2,500 burglaries
subjected to targbtised analyses and 250 to cHiased analyses. When theyation

datasets contain 2,000 burglaries, which amounts to 1,000 burglaries subjected to target
based analyses and 100 to cHmesed analyses, the difference (41% and 38%
respectively) is not statistically significgnt @&t ). In other words, at smaller
population sizes (for 2,000 everdsadt) the number of errors do not significantly differ

but at larger populations sizes chbased analyses are more likely to detect the true
effects of variables correctly. Asoas shown in Figure 8. 2,
when the effect size of the variables is 1.1 the two approaches do not differ in their ability

to detect t he wday otherviseshe 6hoibakeld analysass are more

likely to correity detect their effects (gll T8t ).

In terms of hypothesis 3 and comparing random sample-lchsézkanalyses and the

more realistic nerandom sample chotbased analyses, the significant YMO test
indicates that the analyses using random samgiiog {ound errors in 23% of the
variables across datasets) are overall less likely to find errors than thoseraisdaymon
sampling (which found errors in 29% of the variaBlesy@rt p. As suggested in Figure

8.2, this result is also consistent asarsple sizes (gll 18t ). By looking at the blue

and green bars in Figure 8.2, it also suggests tha this pattern, where errors are more
frequent for the nomandom sample analyses, is consistent for three of the variables
considered (ethnic heteroggneitumber of households and residential mobility); but

that errors are more likely in randsmmple choiebased analyses for the percent
detached and poverty variables. This follows from what was expected when geographic
variations in clearance ratesrazerporated in the sampling. More specifically, burglaries

in the types of areas which are less likely to be cleared (e.g. those with higher ethnic

heterogeneity and residential mobility), will be less common aaepretamted in the
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datasets. As suctvhen analysed these variables will appear to be less attractive for
burglaries and their (positive) effect will be more likely to go undetected or incorrectly
detected. As shown in in Figure 8.2, the reverse is true in for the percent detached and
povery variables as offences in these kinds of areas will oepogsented and appear

as more attractive than they should.

Finally,for hypotheses 4 and 5, the correct detection of effects is compared between
targetbased analysis and the chbased analys using nerandom sampling (to
incorporate geographic variations in burglary clearance rates). Overall, the significant
Donner ds t est -basedanalyset &emote likely to ¢owectly detect the
effects of the variables with errors four28% of the variables across datasets compared

to 33% in the targdtased analysep ( T3 ).

As illustrated in Figure 8.2, when the population dataset contains 2,000 burglaries, and so
1,000 are available for the chtiased analysis and 100 for the té@std analysis, the
difference between the two analyses (of 1%) is not sigificangt ). For all larger

sample sizes the raandom sample chotbased analyses outperform the tdrgs¢d

analyses in correctly detecting the effects of varialsjes @t ). When looking at the

effect sizes used to generate the data, the patteone complicated. For three of the

five effect sizes (1.05, 1.5 and 2) the chamed analyses are less likely to incorrectly

detect the effects of variables, however when the effect size is 1.1 or 1.25 the reverse is

true (alf 18t .

8.2. Methods forimproving target-based and choicebased

estimates

So far this chapter has identified the limitations of the different approaches to analysing

patterns of offence locations. This section will focus on testing the effects of
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methodological corrections inteddto address these limitations. Taking the two most
promising approaches (as found in Chapter 7), the-basget and choitmsed

approaches, these limitations and possible corrections are as follows.

For targebased analyses, the critical limitagothe inability to include individual
alternativespecific variables, and in particular, proximity. This is because for this analytic
approach independent variables can only vary over alternatives (they are-alternative
specific variablesilowever, proxinty will vary for each combination of individual

(of fender) and alternative (area), becau:
each area will vary based on the location of the area and where each offender lives.
Consequently, these analyses tametovely account for the role of propinquity in
offending patterns. One solution to this was employed by Bernasco an@QOgkx

who used an aggregate measure of each ar
spatially weighted burglar expof&iti BE€?. The ain of this approach is to take into

account the role of proximity where an area is more vulnerable to offending (from all
offenders) if it is closer to more offenders. This variable can be included in these types of
(targetbased) analyses as it only vares alternatives (is alternaspecific). This

SWEBER measure is calculated for these simulation analyses (see also the original in

Bernasco and Luykx (2003)) by computing:

YO080Y O O (18)

26 A similar approach was also taken in Bernasco andBladhvhich used the number of
offenders living in each census block (their spatial unit). However, for these analyses the earlier
method of SWEBERBernasco and Luykx, 20B83preferred given it will also account, to some
degree, for offenders living outside the focal spatial area but nearby.
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Where, SWEBER for aré@s the sum of the number of burglaries committed by
residents from aré@nultiplied by the inverse square distance betweeitzard@¥The

choice of inverse square distafe () as the functional form of distandecay follows

Bernasco and Luykx (2003) and although this could be replaced by the known form in
each analysis (as it is used to generate the data), doing so would be unrealistic since in

reatlife this would not be known.

For the simplest and (albeitealistic) evaluation of this measure, the home locations of
all offenders that committedegporteshdrecordbdrglary (those for whom the data were
included and analysed in the tabbgsed analysis in chapter X) could be used in the

SWEBER measure:

HypothesisTgirgetbased analyses that incorporate the SWEBER measure using
the home locations from edported and redoudgidries are more likely to detect
the true effects of variables than the equivalentibagsd analyses that ignore

the rok of offender accessibility.

That said, as described earlier, offende
committed cleared offences. As such, idifeapplications, the SWEBER measure is
estimated wusing onl vy a: thesa bssoeiated with cléate@ o f
burglaries. Therefore to realistically assess the utility of including the SWEBER variable,
to make the analyses more realistic and to account for the fact that cleared burglaries are
a nonrandom sample of all burglariesygraphic variations in clearance rates can also

be incorporated into the sampling approach when calculating the SWEBER"measure

27 Although the SWEBER measure could be weighted according to the probability an offence is
cleared anthe offender is known (see below for this being applied to-bheex analyses), it
no discernible impact on the results so is omitted from what follows.
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HypothesisWhen samples cfeardalirglaries are nemandomly drawn from a
population ofeported and redoudgldriedargetbased analyses that incorporate
the SWEBER measure using the home locationsfeandaiirglaries are more
likely to detect the true effects of variables than the equivalenbaseget

analyses that ignore the role of proximity.

As explained dger, the key limitation of the choelz@sed analyses is that the results are

only as representative (of the wider population of offenders) as the data analysed. And, as
clearance rates for burglaries are known to vary according to some factorsr(see earli
also see Appendiin Chapter Ythis can bias the results of the analyses. However, as
the mechanism for this problem can be explained in terms of trendom sampling

of cleardalirglaries from those that aeporteahdrecorddtiere are vayus treatments

within the general literature that could be applied to address these issues. Here, two

approaches are compared.

The first and the simplest is through sample (probability) we{gktngiso Bernasco,

Block andRuiter, 2013 who also use the same appréaxhg burglary spatial discrete
choice model this would mean that each ¢
location, is weighted by the normalised (so the number of observations remain the same)
recprocal of the probability it would be included (the burglary being cleared based on the
burglary location) in the sample analysed. Observations that are more likely to be included
(e.g. those committed in areas with higher clearance rates) would teesierea

smaller weight and so contribute relatively less to the model than observations which are
less likely to be included. This weighting gives the Manski and (I&@TTarsee also
BenAkiva and Lerman, 1988&)ighted exogenous sample maximurfWWiksNhogod
estimator of the conditional logit model (rather than the maximum likelihood estimator

commonly used) which also uses robust staedand (White, 1982)Jo adjust for
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heteroscedasticity where clusters of observations contribute unequally (due to their

weighting) to the model. Based on this it is expected that:

Hypothesis\Bhen samples afeardalirglaries are nemandomly drawn from a
population ofeported and redoudgldries, choice basathlyses calculated using
WESML are more likely to detect the true effects of variables than the equivalent

analysis using ML.

A second approach is thghuweighted bootstrap resampling. In a typical application of

this technique, bootstrap samples are randomly and repeatediythedqelacemdrm

the (observed) sample of data. Parameter(s) are then estimated for each bootstrap sample
and combinetb form the standard error of the parameter estimate(s). In this application,

this process is modified following a procedure such as that outlined in Na&h@iniak
(2015Wwhereby the probability of each observation being bootstrap sampled is the inverse
of its probability of bag included in the (observed) sample. To give an example,
burglaries in less ethnically diverse areas, which are more likely to be cleared and so
included in the observed sample, are weighted so that they are individually less likely to
be included in ehAcbootstrap sample. In effect, this process should approximate a
random sample of cleared burglaries using themndom sample of observed cleared
burglaries (if there is sufficient information on clearance rates). Although typical bootstrap
applicationsre only employed to estimate the variation of the bootstrapped estimates,
the mean of those estimates can also be taken (as is done here) as the parameter estimate
One advantage of this bootstrapping is that because th@ndomness is removed

(throudn resampling) before analysis, no weighting or robust standard errors need to be

computed. This leads to:

HypothesisWhen samples cfeardalrglaries are nemandomly drawn from a
population ofeported and redoudgldries, choice basathlysesalculated using
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weighted bootstrap resampling are more likely to detect the true effects of

variables than the equivalent chbesed analysis

Overall, although modifications are offered for tia@ged and choitxased analyses, it
is still expected &t because choibased analyses naively incorporate all types of
variables, when comparing the best performing realistic models (e.g. those in hypotheses

7).

Hypothesis Ohoicebased analyses computed using either WESML or bootstrap
resampling are neiikely to correctly detect the effects of variables than the

equivalent targétased analysis using SWEBER.

8.2.1. Methodology

Smulation process

To test hypotheses, a similar simulation process (and general methodology) to that used
in 8.1 is followed. Notablpopulation datasets are generated to contain 2,000, 5,000,
10,000, 15,000 and 20,000 burglaries. 50% of these are then randomly sampled to give the
datasets ofeportednd recorddalirglaries (which are then subjected to thepetd
analyses). For allit hypothesis 15 (which incorporatesepbrtethdrecordedrglaries

in the SWEBER measure), 10% of these burglaries are thiandmnly sampled (using

the likelihood of a burglary being cleared from the regression model, see earlier and
AppendixA in Chapter Yto give the datasetsabéardulirglaries (that are then subjected

to choicebased analyses).

Analytical methodology
As introduced for this set of analyses, the SWEBER measures are calculated as described

in equation 18. For the samplingights, the standard calculation is used. More
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specifically, using data on cleared and uncleared burglaries fron?thieeadiprocal

of the burglary clearance rates in each LSOA (the spatial units in these analyses) is
normalised (so that the weighteimber of observations equals the original sample size

and not the population size) by multiplying it by the fraction of all burglaries in the
analysed synthetic datasets that are cleared. Regarding the bootstrap methodology, due to
the computational deands, 200 resamples (which are then combined) are taken from

each generated dat&set

Finally, all hypotheses are tested using Yang mabfietiowski tests. For the majority

of hypotheses (e.g. those comparing the same types of analyses) this théecause
analyses include the same variables and these variables are measured in the same way. I
the case of comparing the tafgeeded and choiased analyses (hypothesis 19), this

test is also used because despite the-basget analyses incorporating effect of
accessibility using the SWEBER measures (of proximityadloffessders) and choice

based analyses using the proximity to each area for each offender, the interpretations of
both variables are equivalent. For example, and consideriresthhypotheses are only
considering the frequency of type I, Il and Il errors in each type of analysis, if either
measure is found to be nsignificant then it is inferred that proximity does not play a

role in offending for the burglars.

28 This data is used rather than the results from the Bernoulli analysis of burglary clearances (see
Appendix Ain Chapter ¥(which are used to generate the data) to purposefully create additional
noise in the data to make it more realistic. For one,-imartdlanalyses the determinates of
clearance rates would only be approximately known (e gh tasaonilar analysis as in Appendix

A in Chapter ¥

29 While 200 resamples is a relatively low number (e.g. many analyses use 1,000 or more),
increasing this (e.g. to 500) had little effect on the overall results. Moreover, while increasing this
is possile for realife analyses, in these analyses this is not computationally feasible. This is
because the 200 resamples (which are each subject tolzaskdiemalysis) are taken from every
simulated dataset and there are 2,500 simulated datasetse@d0dombination of the five

effect sizes and five population sizes).
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8.2.2. Results

Hypotheses 6 and 7 regard the correct detection of the effects of variablesiagadyet
analyses that incorporate or do not incorporate the SWEBER measure of overall
proximity. As suggested in Figure 8.3, when SWEBER is calculated using the data
generated fall synthetic offenders (not just those associated with cleared burglaries) the
effects of all variables are significantly more likely to be detected than the equivalent
targetbased analyses without the SWEBER megsuradt . In fact, while the effext

of 33% of the variables (across all datasets) are incorrectly detected using standard target
based analyses, this is true for only 12% of the variables in the SWEBBRs&tget

analyses.

As shown in Figure 8.3 this large difference can be attribtiedsubstantial increase

in the inability to of the analytic approach detect the true effects of ethnic heterogeneity
(down from 96% to 1%) and the modest increase in the residential mobility variable (24%
Figure 8.3: The percentage ofvariables that go undetected as significant positi

predictors of offending by variable, population size and effect size according
three versions of targebased analyses (hypotheses 6 and 7)
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to 6%). That said, poverty is more likely iadxmrectly detected (as either not significant

or significant but in the opposite direction) in SWEBER 4aagetl analyses (37%) than

in the equivalent neBWEBER analyses (19%). The improvements associated with the
SWEBER analyses is found regardieiseopopulation sizes of the datasets and the

magnitude of the effect sizes used to generate those datasets.

Even after adjusting for the fact that not all burglaries are clégredlculating the
SWEBER measure using a4nandom sample of burglathe SWEBER analyses still
outperform the equivalent tarppetsed analyses without the SWEBER meapure (

181 p. In fact, the results from these SWEBER analyses (usingaadham sample of

burglars to derive SWEBER) are very similar to those from teetjuanalyses where
SWEBER is calculated using all (cleared and not cleared) burglaries (see also Figure 8.3)

and the number of errors do not significantly differ (both around)12%t V.

Hypotheses 8 and 9 both regard the correct detection okttte effvariables in choice

based analyses where those analyses are calculated as normal, using (sample weighting
WESML and using (unequal probability) bootstrap resampling. As suggested in Figure
8.4, in choickased analyses using WESML, the effectheolvariables are not
significantly more (or less) likely to be correctly detected than the equivalent standard
choicebased analysi§ ( @&t ). In fact, overall errors are slightly more likely to be

found for WESML choicbased analyses (30% compared to 29%). As shown in Figure

8.4, this is largely due to its loss of efficiency, likely due to the necessarily inflated robust
standard errs, when dealing with smaller samples (population datasets containing 2,000
and 5,000 burglaries; i.e. analyses conducted on 500 and 1,000 burglaries) and when the

datasets are generated with small effect sizes of the variables (1.05).
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Figure 8.4: The percentage of variables that go undetected as significant posii
predictors of offending by variable, population size and effect size according
three versions of choicébased analyses (hypotheses 8 and 9)
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In comparison, chokbased analyses conducted using bootstrap resampling are
significantly more likely to correctly detect the effects of variables than the equivalent
standard choiegased analysig ( 1@t p. Overall, these analyses are unable to detect

the effects of 25% of the variables (across datasets) compared to 29% of the variables in
the standard choudxsed analysis. This pattern is consistent across population dataset
sizes and relativelynsistent across the different effect sizes of variables used to generate

the datasets.

When comparing the best performing (in terms of correctly detecting the effects of
variables) targbised analyses (using SWEBER calculated from cleared burglaries) a
choicebased analyses (using bootstrap resampling) for hypothesis 10, theséarget
analyses are significantly (and substantially) more likely to correctly detect the effects of
variablesry 18t ). That is, incorrect effects were detected in only 12% of the variables

(across all datasets) in the tdbgeed analyses compared to 25% in the diased
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analyses. As shown in Figure 8.5, this difference is relatively consistent (and still
sulstantial) across each of the variables (in all but the poverty variable) and when the
datasets are generated with different population sizes and effect sizes (see also Figures 8.6
and 8.7). That said, when the datasets are generated where the dffemtisivar@ble

is 1.5 or 2 the difference is negligible and not significarmgt |.

8.3. Discussion

The aim of this chapter was to build on the analyses conducted in Chapter 7. In particular,
to investigate the impact of (A@ndom) data attrition on the results from the target
based and chouxased approaches to analysing offieegion choicedhis included

taking account of the fact that larger samples of data are typically available for target
based analyses than for chb@&sed analyses because the latter require data for detected
offences, for which clear up rates are tatmoetenth of those reported and recorded.

Also modelled were the potential effects of detection bias, whereby therandorn

Figure 8.5: The percentage of variables that go undetected as significant posii
predictors of offending by variable, population size and effect size according to
best performing targetbased and choicebased analyses (hypothesis 10)
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data attrition in the clearance of offences according to factors that vary at the area level.
While the results from thesealyses generally supported the hypotheses and choice

based analyses were still more likely to correctly detect the effects of the variables, the
differences between the two approaches became less substantial than for the first set of

comparisons (but stitatistically significant) (see also Figure 8.6).

Also, this chapter sought to examine techniques for improving the results and reducing
the number of errors in the statistical estimates in the two approaches. In phar&eular,
methods for addressitige shortcomings of the targetsed and choitrased analyses

were tested. For the tarppeised analyses this involved incorporating the otherwise
omitted role of proximity using the SWEBER measure of overall offender accessibility.
For the choicbasedinalyses, the potential effects oframuom variations in clearance

rates were addressed through sample weighting (WESML estimation) and weighted
bootstrap resampling. Although the results from these analyses supported hypotheses 6
9 and demonstrated tlihese methods improved the performance of each approach in
correctly detecting the effects of variables known to be involved in the data generating

process, contrary to hypothesis 10 the thegetd analyses that incorporated the

Figure 8.6: The percentage of variables that go undetected as significant posii
predictors of offending when usinglifferent clearance rates of datasets containi
1,000 reported and recorded burglas according to the tested targebased anc
choice-based analyses
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SWEBER measure outperfeed the equivalent choiocased analyses. More specifically,

as shown in Figure 8.6, when 1,000 burglaries are subjected to SWEBER (and non
SWEBER) targdiased analyses, the best performing (bootstrap)-lchséceanalyses

only becomes similarly adeptew using around 50% of the same data; which is much
higher than the amount that would be available (10%) given typical burglary clearance

rates.

Taken together with results from Chapter 7, the results from these analyses suggest the
choicebased approatb analysing offence location patterns is, as expected, theoretically
superior to the alternative approaches. Particularly compared to the-loéfesdiend
mobilitybased approaches (when analysing subgroups) which similarly require data on
cleared offetes. However, in practice, taftlggted analyses can be as accurate, or more

S0, in detecting the true effects of variables when considering the differences in the data
required by (and empirically available for) the two approaches and when incorporating

some aspect of the otherwise omitted effect of proximity in the analytical model.

Although not intended as such, and not described until now, the results also speak to the
sensitivity of the approaches, notably the theged and choisased approachés,

the correct detection of the effects of variables on offence location choices. For example,
in the final analyses (in 8.2) show that overall the-iasget and choitmsed
approaches can correctly detect the effects of 33% and 29% of the vapeltesehe

and these decrease to 25% and 12% using the bootstrap and SWEBER versions of the
analyses. While these figures appear relatively high in that 1 in 4 effects are not correctly
detected in the best performing chdiased analyses, these arevibege percentage

from analyses of data generated using a range of effect and sample sizes. As shown in
Figure 8.7 that also uses the results from the third set of analyses, the bootstrap (and

WESML) choicdased and SWEBER tarpased analyses perforratigely well (e.g.
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Figure 8.7: Contour charts showing the percentage of variables that go undetec
as significant positive predictors of offending for datsets generated with differel
sample and effect sizes according to the tested targedsed and choicebasec
analyses
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incorrect effects are detected in around 5% or fewer of the variables) when analysing
datasets with more than around 500 burglaries and with expected effect sizes of 1.25 or

greater.

These findings have clear implications for futseareh and practical applications of

such research. The most obvious is in implicating which approach should be used and
under what circumstances. For example, as shown in the decision tree in Figure 8.8, if
offender home locations are unavailable andtda@@approximated then a tafgased

analysis can only be performed. If, however the home locations are unknown but can be
approximated, a SWEBER tafgased analysis is advised. In demonstrating the
shortcomings of each approach, this chapter aldigligtiuture avenues of research.

For example, in terms of investigating data attrition and the potential impacts this may

have on analyses. One practical application of these findings is with regards to journey
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Figure 8.8: A decision tree for selecting the approach and model for analysing offence location choices
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to-crime analyses and their use for predicting the likely home locations or anchor points

of serial offenders. That is, where

the current protocol advocates the incorporation of a buffer (gpgckevine, 2015)
However, and notwithstanding the general lack of supporting evidence of buffer spaces,
this chapter suggests otherwise as research in support of offending begteespase

as far as the author is aware the only analyses have been conducted into this use the

offenderbased approach) are disputable.

All that being said, thresults in Chapter 7 and this chapternot without limitations.

Firstly, the synthetictdavere generated using relatively simplistic offence location choice
processes. In the first set of analyses particularly, many of the data used to test the
hypotheses were generated where the offenders were simulated to have preferences for
proximity orlocational characteristics. In redétg. Bennett, Whgand Wright, 1984;

Wright and Decker, 1996 for burglaitsis to be expected that both factors influence
offender decisiemaking. That said, these simplifications were necessary to demonstrate

in what ways the results from the different approachkkshmbiased. Beyond this, in

all of the data a still somewhat simplified offence location choice process was followed.
This included ignoring processes likely to occur ilifeeaich as where offenders may

provisionally select offence locations bey thay

offend elsewhere as they find better targets during their crime trip. The simulated data
therefore diverge to some degree from that expected in reality and this should be explored
further. Similarly, the extent to which these results, which ateobagmthetic data

albeit using a reafrld geographic area and real offender home locations, can be
generalised is unknown. For example, if the offenders resided more uniformly or
randomly through the study area then the measures of overall agcéssibilias
SWEBER) would vary less (or not at all) between possible target locations. It would
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therefore be unable to discern between the locations selected for offending and those not
and so would not account for the effect of proximity and wouldifaptove the results

from the targebased analyses to that achieved by the tiasied analysésee also
Guimaraes, Figueirdo and Woodward, 26@3)lication is therefore needed to establish

the prevalence of the effects found in these analyses.

Future replications should also consider the actual analyses performed. For one, across
all analyses incorrect results were determined from being either type 1, Il or Il errors.
However, further analyses may consider that type Il errors and detecting a significant
relationship in an incorrect direction is more serious than the other tyqes.d ors

of magnitude where the estimated effect is significantly different to that used to generate
the data may also be investigated. Some of the hypsfiezsks techniques employed

may also warrant further research. For example, the negativiallsiegression model

as used in the offendesised and mobilityased analyses are only one model that is
arguably relevant for these analyses. The methods for detecting preferences for proximity
(using Spearmands cor r ees@dingexactdnuae fefts) ci e n't
in the offendebased analyses were also atypical. In addition, inbas@deanalyses,
preferences for proximity is usually determined by including distance (or proximity) as a
single continuous predictor variable aatihhan as a series of dummy variables and
computing the predicted frequencies in each dummy variable (as done here). Finally, and
for the latter analyses, there are alternative techniques that may yield more accurate
bootstrap confidence intervals, sugtbiascorrected and accelerated inter{ifion

and Tibshirani, 1994)/hile many of these choices were justified, for example in ensuring
the analyses veedirectly comparable, their effect on the overall results, including
evaluating if these alternative techniques should be followed in future research, would

benefit from further investigation.

- 199-



Chapte©: Systematieview and medanalysis of offence location choice research

Systematic review and me t-aan | yosfi s
of fence | ocati on

In the previous three chapters, the spatial discrete choice approach to analysing offence
location patterns was introduced (Chapter 6) and assessed relative to the other alternative
approachefChapters 7 and 8). In this chapter, a systematic review of this literature is
conducted and the results from the previous applications of this approach (to offence
location choices) are synthesised in a series edmaBtses and meatgressions. This

chapter is motivated by the desire to obtain more accurate and reliable estimates of the
factors that influence offence (including burglary) location choices and if and how those
estimates are affected by different model specifications. The main costrabutics

chapter are: 1) ascertaining which variables and model parameters should be used in future

analyses (e.g. of burglaries in Chapters 10 and 11).

9.1. Introduction

As discussed in previous chapters, since their introduction in tsenmoal article
oHow do residential burglars select targe

in 2005, spatial discrete choice modelling has become a relatively popular technique for
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analysing offending patterns. The related published literature now comsiuskssof
that cover a variety of crime types from burétagy Bernasco and Nieuwbeerta, 2005)
and robberye.g. Bernasco and Block, 2@6%iolence (Summers, 2012) and rioting
(Baudains, Braithwaite and Johnson, 2048)analytical approach has also been applied
to a range of studyeas including in the Netherlarfedgy. Bernasco and Nieuwbeerta,
2005)and Englande.g. Baudains, Braithwaite and Johnson, 20113 USA(e.g.

Bernasco and Block, 2088y Australiée.g. Clare, Fernandez and Morgan, .2009)

That said, despite the growing literature, there hasdlitleeformal collation and
synthesis of the reseaftiough see Ruiter, 2017 for a general literature réliesnis

important following the findings presented in Chapters 7 and 8 that show discrete choice
analyses that use smaller sangae may lead to errors of statistical inferé&scguch,

individual studies may be too small and limited to draw unequivocal conclusions regarding
the role of offence location choice criteria. In comparison, combining the results obtained
across studies a formal metanalyses can increase statistical power and provide more
accurate and reliable findings that are generalizable across the (included) population of

analyses.

Such a synthesis would also allow for the identification of any inconsistenegs be
analyses which could identify challenges to theory or as new research questions to be
explained. For example, with the exception of Towastey (20ll5a)analyses of

burglary target selections across three countries, theydaaneah comparisons of the

factors that influence offender location choice across study areas. Also, excluding the
analyses in Bernas(2010) which compred the parameter estimates for variables
specifically related to residential history across four types of crimes, there are no formal
comparisons of the estimated influences of offending between crime types. Therefore, at

present, the degree to which(dneerage) offender for one type of crime, or in one study
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area differs to another is relatively unknown. This gap in knowledge is also especially
relevant given the recent results in Toweslaly2015band Frithet al(Frith, Johnson

and Fry, 2017Ayhich show preference variation between offenders for the same crime
type in the same study area. Furthermore, in aregetasion, moderators can be
included to account for and estimate the influence ofisteatgs differences (such as

the inclusion or omission of variables) on the analysis results. Findings of which can be
used to assess the validity of current and future discrete choice analyses of offence

location choices.

Providing this information wiibt only inform future applications of this approach (such

as that presented in Chapters 10 and 11), but it will also provide a greater basis for
appraising those and previous analyses (e.g. in terms of the variables that should and were
or were not inclled). The aim of this chapter is to thus conduct a systematic review of

the offender spatial discrete choice literature. The results from relevant analyses are then
statistically combined in a matalysis and metagression to derive a pooled overall
egimate of the factors that influence offence location choices. Variation between studies
will be analysed with a particular interest in explaining any variation, for example, in terms
of the variables used, the study area analysed and other featheespatigl unit used)

of each study.

The structure of the remainder of this chapter is as follows. In the next section, the
systematic literature review process and results are described. In section 7:3, the meta
analysis and meatagression methodologee® outlined. Next, in sections 7.4 and 7.5,

the results from the mesamalyses and matgressions are presented. Finally, in the last

section, 7.6, the findings from this chapter are discussed.
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9.2. Systematic literature review

9.2.1. Search strategy

To identify elevant studies and analyses, the following search strategy was employed in
October 2017. Firstly, all combinations of two sets d€keg were used to search the
titles, abstracts and keywords of entries in six electronic d¥taliaesss terms were
generated from the alreallgown generafe.g. Train, 2009nd crimeelated(e.qg.
Bernasco and Nieuwbeerta, 2065 ature. The first set of terms related to the modelling
approach and amnditional fBgdiscrete chaiiscrete spatial chomliative chaice
random utiliffhe second set of terms are related to their application to the crime domain
and arecrimé criminadnd offencaffendaffendinghe databases searched included one
speciftally related to crime and criminologyPtte®uest Criminal Justice Database; and f
other, more general but popular, databBsbdled Cent&dienceDir8cbpwasdWeb of
Scienckn addition, to identify other studies that may be part ofdlditgrature (e.g.

unpublished analyses) BreQuest Dissertations & Thesefa@lbasé was also searched.

This search strategy was supplemented through backward and forward reference
searching. More specifically, backward searches were condueteddlevhat references

found within the already identified papers are then reviewed. The forward search was also
carried out where all/l papers citing the

target areas?06 by Berwee setiewedaThe forMardeseargtb e e r

30 Other databases were also considered but they were either unavailable to the author (EBSCO
Publishingds Cri minal Jus tNational CAnbnal JuRefereénse dat a
Service Abstracts Datalrabey lacked functional advanced search features (Mendeley, SAGE,
SpringerLink, QL Discovery and Wiley Online).

31 These search strategies were also repeated but including theltteomial lo@ihich is a
modelsimilar to the conditional logit ksitictly speakingxcludes alternatigpeific variables).

This howeveonly increased the number of frefevant studies and so is not discussed further.
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was conducted using two databaSespuand Web of Scienghich gave different

numbers (138 and 109 respectively) of entries citing this article.

Lastly, and partly to include other grey literature, other studiesssuicpublished
manuscripts (e.g. theses from the Department of Security and Crime Science at UCL) or
those recently published (and so may not be indexed by those databases) that are known

to the author were also included.

9.2.2. Inclusion criteria
From the stud®identified from the search strategy outlined above, the study (and their
analyses) were included in the next stage of the review if the following inclusion criteria

were met:

1. The study must be written in English;

2. The study must contain a spatial disctedece analysis, such as a conditional logit
[ CL] model, with at | east one measure o
regarding the attractiveness of alternatives. These criteria were used given their joint
role in offence locations and beeahg key advantage of discrete choice methods is
their ability to incorporate both types of variables in the same model.

3. The analysis must be related to crime or any related illegal behaviour, for example,
antisocial behaviour as defined inthe UK aabeh our o0ét hat caused
to cause harassment, al ar m(TheCridd a®d r e s s
Disorder Act 1998)

4. The (spadl) analysis must be of offence location choices.

9.2.3. Search results (studies)
Using this search strategy, 571 studies were retrieved. After removing 350 duplicates, the

remaining 221 studies were evaluated using the four inclusion criteria above. Based on
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this, 26 studies authored between 2005 and October 2017 were identified as relevant (see
also Table 1). A breakdown of this process, including the number excluded using each of
the criteria, is shown in the Sankey diagram in Figure 9.1. Of note, thelypotential
unexpected number of studies excluded using the fourth inclusion criteria (the analysis
must be of offence location choice) is due to studies analysing a discrete spatial choice of
non-offending behaviours, such as residential choice, that incorpo@at@easure of

crime as an independent variable. Also, of the other studies excluded, Bernasco and
Jacquef015)and Smith and Brow{2007)warrant further comment. This is because
despite analysing offence location choices, they did not include a proximity (to the
of fendersd homes) variabl e dinctisios aritenaer e e
(see also earlier). Lastly, as shown in F@uralthough many of the 26 studies were

found through more than one element of the search strategy, no single element would
have identified all studies and this is true even afterix¢chalfive studies that were

only identified because they were known to the author.

Figure 9.1 Sankey diagram showing the breakdown of studies identified a
excluded based on each of the criteria

Unique studies
All studies (221) Relevant studies
(571) (26)

ProQuest Criminal Database (14)
PubMcd Central (13)
ScienceDirect (15)
Scopus (45)

Web of Science (47)
ProQuest Dissertations (16)

Forward secarch — Scopus (138)

Not an offence
Not related  Jocation choice
to crime analysis (18)
Not a spatial (17)

discrete choice
analysis (160)

Forward search — Web of Science (109)

Backward search (167)

Known to the author (7)

Duplicates (350)
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Figure 9.2: Euler grid diagram showing the studies found through each element
the search strategy
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Baudains, 2015
Baudaingt al.2013
Baudaingt al.2016
Bernasco, 2006
Bernasco, 204
Bernasco, 2010b - --
Bernasco and Block, 2009 -
Bernasco and Kooistra, 2010

[ ]
Bernasco and Nieuwbeerta, 20(- -
[ ]

Bernascet al.2013

Bernascet al.2015 ---

Bernascet al.2017
Chamberlain and Boggess, 201- --
1]

Clareet al.200 ]

Frith, 2012
Frith, 2014

Frith et al.2017 - --
Johnson and Summers, 2015 -- --
Lammerset al.2015 --

Marchment, 2015
Menting, 207

Mentinget al.2016 - --
Summers, 2012
Townsleyet al.2015 -- --
Townsleyet al.2016 - --

Vandeviveet al.2015

9.2.4. Search results (analyses)
Using the inclusion criteria above to identify papers and then the individual analyses
reported within those studies, 144 unique discreteechpnalyses were found and

extracted. Note thalhe unit of analyses are discrete choice analyses rather than studies
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due to some studies reporting multiple analyses. Algbetisat analyses in Baudains

(2015) and Baudaiasal(2016) and two condihal logit analyses in Frith (2014) and

Frith et al(2017) were reported in both publications respectively and so are only counted
once for each unique analysis. Also that analyses were recomputed if they include variables
but do not report their effecha the raw data is available. This equates to around 5.5
analyses per studytany d the analysesrehowever not distinct in terms of the data

used (see also Table 9.1). In some studies, the same data is used for all analyses. For
example, the seven asalyin Chamberlain and Boggess (2016) use the same data to
compare competing models. In other studies, such as Menting (2017), the same data is
used altogether (in this case to anallfgpes of offenders) and is also divided to analyse
subsets (in thisase to analyse the different types of offenders separately). The same or
overlapping data may also be used in analyses from different publications. For example,
the same offending data is used in Bernasco and Block (2009), Beah@848) and
Berrascoet al(2017). Descriptive information of the studres the analyses found

within the studies is shown in Table 9.1 and summarised in Table 9.2.

In terms of the analyses, as can be seenin Tables 9.1 and 9.2, the majority are for offenders
in Europe(73% of the analyses) and in particular in England or the Netherlands (both
35% of the analyses). Of those analyses from the Netherlands, most are for offenders
living in The Hague (44 of the 50 analyses) which includes analyses of offenders offending
andliving anywhere in The Hague (29 analyses) or only those offending and living in three
municipalities (The Hague, Rijswijk and Leidschevidarburg) in The Hague (15
analyses). Outside of Europe, 33 analyses used data from the US including 26 that used
offending data from Chicago. Six analyses used offending data from Australia, including
four that used data from Brisbane. The other analyses are for offenders in Belfast in

Northern Ireland (three analyses) and East Flanders in Belgium (one analysis).
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Table 9.1 Summaries of the 26 studies and their containing analyses as identified through the systematic literature review

Study Offence Offence No. of Dataset Spatial Spatial unit Model No. of

Reference  Published* area(s)** type subtype(s) offences  time period unit*** information info analyses
Baudains 201t N (E?]S?;nnd) Acquisitive Riocfif?frfiafd 2321417 7(hézgtt)hlA'Iug I:)(Zjvtvpelzts:rzear 1,7%§?'§§aem cL 6
T Y (Engany  Acwstve TSRz UL waes imsresgen O 3
ISTEL e acusive RO g TOTNO o M LS
Bernasco 200 Y (Jgti:r?s#des) Acquisitive Burglary 365809 19962004 Neighbourhood 4’9(;'2‘?;2;1% cL 2
Py TN e ey ou, 0 5.0 caees T doan g
ngq?)zco Y (I;IrZ;eHr?ag:des) Acquisitive Burglary 1,871 20022007 Sic)(ozié]i;feoaSt 48.?e23|?crints cL S
i;ggf;gé;d Y Czﬁseo Acquisitive Robbery 5,847 19961998 Census tract &gggfzﬁaent CL 2
ff;;?f;ozgrl‘g Y Netherlands  Acquisitive (Cgr:t;‘;irga') 276 20042005 pggggggrea 4,918632‘5’2% cL 6
El?erz\?vsbceoe?[;(,j Y (l;lr(re];:rlazf:des) Acquisitive Burglary 548 19962001 Neighbourhood 4,9%S?Ie(§;jent CL 2

2005
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Bernascet al.
2013

Bernascet al.
2015

Bernascet al.
2017

Chamberlain
and Bggess
2016

Clareet al2009

Frith 2012

Frith 2014

Frithet al2017

Johnson and
Summers 201!

Lammerst al.
2015

Chicago
(US)

West Midlands
(England)

Chicago
(US)

Tampa
(US)

Perth (Australia

York
(Englandl

High Wycombe
(England)

High Wycombe
(England)

Dorset
(England)

The Hague
(Netherlands)

Acquisitive

Acquisitive

Acquisitive

Acquisitive

Acquisitive

Acquisitive

Acquisitive

Acquisitive

Acquisitive

Various

Robbery 12,938
Burglary 3,337
Robbery ~200-1900
Burglary 5,182
Burglary 1,761
Various, burglary
dvt\jglrlﬁ:g,r):ont?;ery 1301,242
TRV, TOV
Burglary 459
Burglary 459
TFV 721
Various 12,639
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20092012

19961998

20002012

20012002

20082012

20042014

20042014

20012005

2009

0.02krA,

CEMENS D EHT 118 residents

0.51kr,
1,500 resident

Lower super
output area

0.02kr,
Censts [Dloe 118 residents
1.36kn3,
Census block 909 residents
Residential
suburb

6.76km,
4,669 resident

0.44kr,

Output area 293 residents

0.03krA,

Street segmen 40 residents

0.03kr,

Street segmen .
9 40 residents

Lower super 13.40krA
output area 1,524 residds
Four digit post 2.96kr,

code area 7,000 resident

WESMLE
CL

CL

CL

CL

CL

CL

CL/
MSL ML

CL/
HB ML

CL

CL

19

16
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Belfast
Marchment N (Northern Non- Terrorism 148 19691989 Ward 2.74KrA, cL 3
2015 acquisitive 5,994 resident
Ireland)
Three
. municipalities ir . Various, Burglary Fourdigit 1.68km,
Menting 2017 Y The Hague Various Violence 2,97613,088 2009 postcode area 7,700 resident cL 15
(Netherlands)
Mentinget al. The Hague . . Four digit post 2.96kn,
2016 Y (Netherlands) Various Various 19,420 20062009 code area 7,000 resident cL 6
) London Non- . April 20020 Lower super 0.33kr,
Summers 201, N (England) acquisitive Violence 276 March 2007  output area 1,505 resident cL 12
Birmingham Middle super 2.04kr,
Y 291 2009 . 2
(England) output area 8,585 resident
Townsleyet al. Brisbane - Statistical loca  8.48kr,
2015a Y (Australia) Acquistive Burglary 273 2006 area 7,495 resident cL 2
The Hague . 0.65km
Y 2 1 2001 Neigh h N 2
(Netherlands) 9 996200 eighbourhood 4,952 resident
Townsleyet al. Brisbane I Statistical loca  8.48km, CL/
2015b Y (Australia) Acquisitive Burglary 873 20062009 area 7,495 resident HB ML 2
Vandeviveet East Flanders i . <0.01kn?,
212015 Y (Belgium) Acquisitive Burglary 650 20062012 Dwelling 5 residents CL 1

* Published refers to if the study was published in-sepé@wed journal (Y) or not (N)
**Study area refers to the geographic location of the offending data

*** Spatial unit refers to the alternatives that offenders are choosing between
Note: TFV=Theft from vehicle, TOV=theft of vehicle, CL=(maximum likelihood estimated) conditional logit, WESMLE CL= weighted exogénmexgnum
likelihood estimated conditional logit, HB ML=hierarchical Bayes estimated mixed logit, MSL ML=maximum sithotzdesktikeated mixed logit
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Table 9.22 Summary information of the unique (144) analyses and studies found
through the literature review

No. of analyses

N %
Study area
Europe 105 73%
Belgium 1 1%
East Flanders 1 1%
England 51 35%
Birmingham 2 1%
Dorset 2 1%
High Wycombe 9 6%
London 21 15%
West Midlands 1 1%
York 16 11%
Netherlands 50 35%
All of Netherlands 6 4%
The Hague 44 31%
Northern Ireland 3 2%
Belfast 3 2%
North America 33 23%
us 33 23%
Chicago 26 18%
Tampa 7 5%
Oceania 6 1%
Australia 6 4%
Brisbane 4 3%
Perth 2 1%
Offence type
Acquisitive 104 72%
Burglary (domestic) 39 27%
Burglary (domestic other) 1 1%
Rioting 9 6%
Robbery (street) 29 20%
Robbery (commercial) 1 1%
Theft from vehicle (TFV) 6 4%
Theft of vehicle (TOV) 3 2%
Various 11 8%
Non-acquisitive 21 15%
Terrorism 3 2%
Violence/Assault 18 13%
Various 19 13%
Various 19 13%
Model type and estimation method
Conditional logit (CL) 137 95%
Maximum likelihod estimator (MLE) 132 92%
Weighted exogenous sample maximum likelihood estimator (WES 5 3%
Mixed logit (ML) 7 5%
Hierarchical Bayes (HB) 4 3%
Maximum simulated likelihood (MSL) 3 2%
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The majority of the analyses were of acquisitive offenced gf@naes). This includes

39 analyses of (domestic) burglary and 29 analyses of (street) robbery offences (and an
analysis of commercial robberies). There were also 21 analyses (15% of all analyses) of
nonacquisitive offences including 18 analysesl@fegoor assault. The remaining 13%

of analyses (18 analyses) were of a mix of (acquisitive -acduisitive) offences. All

analyses of neaicquisitive and mixed types of offences used data from Europe and most

used data from The Hague in the NethesléPd analyses).

Further, in almost all analyses (137 of the 144 analyses), the standard discrete choice
model, the CL, was used. That said, in five of these analyses these were estimated using
the weighted exogenous sample maximum likelihood estima8M[\W&Eather than

maximum likelihood estimator (MLE] which weights the offence data so that it appears

to be a simple random sample of all offences (see also 8haptiae remaining six

analyses, the mixed logit [Mbddel was used. In three of thBHeanalyses, all from

Frith (2014), the models were estimated using maximum sirhkegditeasbd [MSL]

which can be problematic as the models include a large chipleas®str and Greene,

2003; Townsley et al., 2015hiFdohnson and Fry, 201That said, two of those three
analyses were-estimated in Fritbt al(2017) using hierarchical Bayes (which does not

suffer from those issues).

As illustrated in Figure 9.3, studies vary considerably in terms of thepafitheinits

(in terms of how the continuous space is discretized into alternatives that can be chosen
by an offender) used. In terms of their geographic size, they can be approximately divided
into three or four groups. The smallest are Aewr unitsaas used in the analysis of
individual dwellings (1 analysis). Next are thestr@eit units, such as street segments,
Dutch full (sixdigit) postcode areas and US census blocks, which are used in 38 (26%) of

the analyses. Used in 32% of the analgsesatively smadtaldocaheighbourhdeds
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Figure 9.3: Diagram of the spati& units 8 in terms of size and the number ¢
residentsd used in previous discrete choice analyses of offence location choice

Qutput Area, York. MSOA; Birmingham.
TK (i i . . ~0.44km’. (16 analyses) ~2.04km?. (2 analyses)
UK (including Street segment, High LSOA. Dorset
England and @& Wycombe. ~0.03km? ('] o0 [ ~13.40km?
Northern Ireland) (9 analyses) LSOA, Greater London / Ward, Belfast. (2 analyses)
West Midlands. ~0.40km? ~2.74km?. (3 analyses)
(22 analyses) Four digit postcode area,
Six digit postcode area, All of Netherlands.
Netherlands @& The Hague. ~0.02km? (] (] @ ~10.37km” (12 analyses)

(5 analyses) ) P

’ Neighbourhood, Four digit postcode area,

The Hague. ~0.65kn* The Hague. ~2.96km>.
(6 analyses) (27 analyses)

Census block,

Us @ Chicago. ~0.02km>. Census tract, ¢y @ Census block group.

(24 analyses) Chicago. ~0.72km? Tampa. ~1.36km?.
. (2 analyses) (7 analyses)
Dwelling, East Flanders, Residential suburb, Statistical local area,
Other @ Belgium, <0.01km". Perth, Australia @ G Brisbane, Australia.
(1 analysis) ~6.76km?. (2 analyses) -8.48km?=. (4 analyses)
0.01 0.1 1 10 100
Area (km?)

Street segment
-40 residents.

UK (including (9 analyses) LSOA Ward. MSOA.
England and @ @ ©—~1.5001esidents. ©—~6,000residents. ©—-8.600residents.
Northern Ireland) Output area (24 analyses) (3 analyses) (2 analyses)

~300 residents
(16 atlalyses)

Six digit postcode arca Neighbourhood Four digit postcode area
J : g sie - s 000 : - 00 vocs
Netherlands % P P o ~5,000 residents. @ [ -6,100 residents
~40 residents. (5 analyses) . L
: (6 analyses) (39 analyses)
Census block.
190 racidapie (7 vses)
120 residents. (24 analyses) Census tract.
Us (@ @ Census block group @ 3,300 residents
~900 residents (2 analyses)
(7 analyses)

Statistical local area,
€ Australia. ~7,500 residents.
(4 analyses)

Dwelling. Belgium

Py Residential suburb, Australia.
~2 residents. (1 analysis)

~4,700 residents. (2 analyses)

Other @

0 2,500 5,000 7,500 10,000

Number of residents

smaller than 1kinsuch as UK LSOAs and Dutch neighbourhoods in urban areas. Lastly,

a large number of the analyses (41% of the analyses) use larger scale neighbourhoods.
These can also be divided ithtose that are relatively smaller (e.g. between 1 ahd 5km
which includes 27% of the analyses, and those which use units such as US census block
groups and Dutch partial (fedigit) postcode areas. Then there are 20 analyses (14% of

all analyses) thateusiuch larger spatial areas such as UK LSOAs and Dutch parial (four
digit) postcode areas in or including more rural areas. The problem with comparing

studies on geographic size is that the geopolitical units often used are generally defined to
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create ums with similar numbers of residents and so urban density can massively affect
their sizgle.g. in terms of UK LSOAs which can vary from an average size of around
0.4knmiin London to 13.4kAin Dorset). As such, and although perhaps less interpretable,
they can also be aggregated by the number of residents. That said, this metric creates
relatively similar groups: those with very few (~2) residents (the analysis of dwellings),
~50-300 residents (e.g. street segments, US census blocks and UK outpuil®@as), ~
2000 (US census block groups and UK lower super output areas) and those larger (such

as Dutch partial postcodes and neighbourhoods).

Lastly, a large variety of variables were tested for their impact on offence location choices.
Even when those variabl broadly measuring the same concepts were grouped,
considerably more than 100 variables were used in the analyses. The most common of
these groups of variables are shown in Table 9.3 along with the number of analyses that
used them and the number foretthihe effect size was shown. Also shown in Table 9.3

are the results from a basic (vaant) summary of those variables calculated by
counting the number of analyses for which each variable was found to be a significant
positive predictor, a significamegative predictor or a neignificant predictor of
offending. The results show that the effect of many of the variables appeat: Elear
example, distance to the offenderds home
closer to their homef location choice in 99% of the 95 analyses (where the effect size
was shown). For other variables, the effect is relatively inconsistent. For example,
affluence is a negative predictor of offending in 27% of the 52 analyses, a positive

predictor in 17%nd a nossignificant predictor in 56%.
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Table 9.3: Vote count summary of ten of the most frequently used variables time
offence location choice literature

Num. of analyses

Effect Most
Variable size common
Variable included shown effect OR<1 NS OR>1
Eoim: tance to t 45 95  Negative 99% 1% 0%
Number of targets 80 69 Positive 3% 23%  74%
Not

Affluence 63 52 significant 27% 56% 17%
RESIEENLE of 12 S2rme 46 46 Positive 0%  24%  76%
ethnicity as the offender
(Fff(f*esi%ee’:“a' history of the 73 43 Posive  14% 0%  86%
Residential churn 44 43 Sigﬁ'i‘;itcam 19% 51%  30%
Presence of main streets 43 43 Positive 0% 40% 60%
Distance to the city centre 42 41 Siglr\lli?itcant 10% 56%  34%
Presence of train stations 40 40 Positive 0% 28% 73%
Presence of schools 61 37 Positive 5% 38% 57%

OR=0dds ratio, NS=not significant

While this voteount method used here can be useful for summarising the roles of the
variables in offence location choices, this method is not without serious limitations.
Firstly, vote counting treats all analgsesqual and so can mask overall effects due to
variations in sample and effect sizes where small samples thatdigdificent results

(due to lower statistical power) receive as much weight as analyses based on large samples
with significant and nginal or substantial effects. In the case of this literature, this
approach is also particularly limited because it cannot incorporate the (complete and
partial) overlap in samples across analyses (see also earlier) where the effect sizes from
these analgs will be correlated. One consequence of this for vote counting is that the

results will be biased towards those datasets (and study areas, spatial units etc.) analysec
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on more occasions. Due to these weaknesses, more sophisticated foanalysesa

ard metaregressions are conducted.

9.3. Meta-analysis and metaregression methodology

In contrast to other methods such as-gotent summaries (as above), raatdyses
(including metaegressions) empirically synthesise quantitative literatures by gtatisticall
combining the estimated effect sizes whilst taking account of the precision of those
estimates. This allows for the estimation the mean effect of each variable and its reliability
(in statistical terms), rather than merely counting whether how oftestatistically
significant and the most common direction of its effect-aviatgsis can also be used to
(statistically) account for other factors that are problematic-couatesummariesor

example, sample sizes and correlated effects (e.gpeated use of the same or related
datasets). Going further, metgressions can also incorporate moderator variables to
account for and determine the influence of anddysisdifferences such as different

(additional) predictor variables.

As alreadyidcussed in Chapter 4 in the naetalysis of configurational methods, general
recommendations are followed whereby the-anelgises are calculated using random

effects (see Chapter 4)

While metanalyses can be used to combine many types of sthgstiase hot without
limitations. Firstly, they assume that each of the estimates to be combined are sufficiently
similar in the sense that they repregrieast approximately) the same thing. In that
way, the combined effect can be meaningfully ineztpie the case of this literature,

the estimates are however from different choice models (CL and ML), using different CL
(MSL and WESMLE) and ML (MSL and HB) estimators and from analyses of different

offence types, study areas and using different apasigsee also above). Furthermore,
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combining estimatdsom multivariable analyses (such as discrete choice analyses) is
especially difficult dse estimated effect of each variable is net of the estimated effects

of the other variables; it is a @réffect. As such, the estimated effect of each variable

will depend (to some degree) on what other variables are also included in that analysis.
The strictest implication of this is that each effect can only barmaltsed if it was
calculated with theame additional predictor variables as all other models. In this (and
most other) literatures, this will severely limit the number and breadth of estimates that
can be pooled. In fact, variation in (the variables included in the) statistical models should

be expected as subsequent studies should develop and elaborate from those previous.

Although certain assumptions (of equivalence) can resolve this issue, an alternative is to
use a meteegression model. Here, differences between analyses can beddocounte
using fixeekffect analysisvel moderator variab¥®.g. Becker and Wu, 2007; Jackson

and Riley, 2014; van Houwelingen, Arends and StijnenA22) these covaes (to

a randorreffects model) means that the estimated effects of each variable still belong to
the same population of effects but they can differ from the mean by some observed
betweerstudy difference (the covariate). When these covariateediigey have a

constant effect on the estimated effects of each variable. These covariates may also be
hypothesis tested to determine the significance and severity of their effect on the
estimated effects of other variables. Despite these advantagesgedimitedmumber

of estimates for some variables and the requirement of a sufficient number of estimates
per moderator variable, metgressions can only be applied to a small number of
variables. Based on this, in what follows-aretlyses and metgessions will both be

calculated and the above issues and how they are resolved are now discussed.

32 By adding fixeéffect moderator variables to a randdfed metaanalysis this notationally
creates mixeeeffects metaegressian
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9.3.1. Different effect indices
The first potential issue is that the effect indices to be combined need to be sufficiently
similar in that they represent (at lapptoximately) the same thing. In the case of these

analyses, there are three concerns.

The first regards the use the ML model in some of the analyses whereas the majority use
CL. As described in Chapter 6, the main difference between these is tieatibsulates

all offenders have the same preference for each attribute (or that they only systematically
differ based on observed and modelled offender characteristics) and estimates those as
fixed preferences. In contrast, the ML allows for preferenaomaamongst the
offenders and estimates this distribution (including its mean and standard deviation). In
other words, it estimates the average preference for each attribute. Although these effect
indices should not differ substantially, research has 8tis is often not the case. For
example, although Dahlberg and E@6D3and Perssof2002¥ound relatively similar
estimates, BhgR2000)and Revelt and Trai1998)found they can differ somewhat
substantially. Differences can inclindecbefficients estimated using a CL model being
smaller in magnitude than the mean coefficients estimated using a ML model. This occurs
depending on the amount of preference variation and is due to the normalisation of the
parameters such that the extreraleie terms have the appropriate variése also
Chapters @&nd Revelt and Train, 1998) the case of the Clha extreme value term
incorporates all variance (including between decial®rs) whereas the ML treats it
separately. The variance in the error term is therefore greater in the CL, and the
normalisation will make the parameters smaller in magnitsdewfsn Dahlberg and

Eklof (2003) this is also likely exacerbatedmiare parsimonious models where
heterogeneity that would otherwise be explained by other variables is not explained.

Considering this, and the fact that the true amount of heterogeneity is unknown, though
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Frith (2014) Frithet al(Frith, Johnson and Fry, 20&iyl Townslegt al(2015b¥uggests
there could be significant amounts, both estimates are included in-treatysia For

the metaregression, moderator variables are included for the type of model.

The second related concern regards the use of different estimators in the choice models
in some analyses. This includes the use of the WESMLE in the CL analyses in Bernasco
et al(2013)whereas the other CL anatysse the MLE. As explained in Chapter 6,
WESMLE attempts to correct for unequal probabilities of offences being cleared such
that the point estimates are more accurate for the underlying population (rather than the
sample) of that study area. The WESMEk& @equires robust standard er(uvhite,
1982)which are typically larger and more conseryaiivéVooldridge, 2019)ESMLE

can, therefore, have qualitatively different statistical properties. Neverthaiet® gi

results in Bernascet al.(2013)which suggest the WESMLE estimates should not
substantively differ from the MLE equivalents, both are included in trenalgsis but

a moderator variable is included fertifpe of estimator in the me¢gression.

The final concern relates to the use of the MSL estimator of the ML i(RG1ih

whereas the other ML analyses use hierarchical(Bé#yeslohnson and Fry, 2017;
Townsley et al., 2015b)ere, however, because of the advantages of hierarchical Bayes
[HB] (see also Hensher and Greene, 20@8})hat Fritret al(Frith, Johnson and Fry,
2017uses HB and runs almost all the same analyses, the MSL estimated analyses in Frith

(2014 )can simply be ignored.

9.3.2. Different predictor variables

The second possible issue is that of theeqaivalence of the statistical models in terms

of the predictor varides that are includethat is, the estimated effect of each variable
depends on what other variables are also included in that analysis. An example of this is

in Frith (2014)where individual variables and groups of variables are gradually added to
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themodel (to explain burglary location choices). Here, theatiddsffect of distance
(to the possible offence location) changes from 0.30 when distance is entered on its own
to 0.44 when entered alongside a measure of awareness space and 0.47 when entered

alongside other variables such as those concerning social disorganisation.

Whilst these differences can have a large impact on the estimates, there are scenarios
where differences in model specifications should not have a great impact. For example, if
eat of the models are (reasonably)-syetified then any changes in the predictor
variables should not (greatly) affect the estimated effects of the variables. Alternatively, if
the predictor variables that vary between models are relatively indepéine enherf

variables then the estimates should also not be effected substantially. The extent to which
these scenarios apply is relatively uneleaever, given that the sequential addition of
explanatory variables can affect existing coefficient estifeag. Frith{2014)

differences in model specifications should be considered.

As such, for the metmalysis, when multiple models are based on the same data, the
estimates are only included fromriesspecified model that fits the data the best (i

the model with the largedtalue, or in its absence, the model with the most variables
included and therefore accounted for). For the-megtassion, moderator variables are
included for the presence or absence of variables or groups of thexantpde,eor

Frith (2014) binary covariates are added for specific variables, glioRy@asratic
betweenn@se Chapter 5And related groups of variables, sugdoeial disorganisation.

Also, due to using binary moderators to account for the anctusinot of a group of

related variables in an analysis, some (incomplete) analyses of the same data that only
include some of that group (of variables) are excluded. One example regards the
moderator representing if analyses account for the effectofftiee nder 6 s r es

history. Here, in some analyses, residential history is included using only one variable (e.g.
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1/0 to indicate if an area contains the former residential area of the offender or not) while
in others it is included using multipleakdes (e.g. that also take into account the length
of time they resided in an area and when they left that area). In this example, the former

would be excluded if the same data is analysed (and reported) using the latter.

9.3.3. Different measures of the prediar variables

Another potential issue is that the (predictor) variables need to be measured similarly in
each analysis. In the simplest case, this means that some effect sizes need to be rescalec
if the reported effects are based on different quantities sdime units. This is evident

from how discrete choice odatio effects represent the effect ohainit chanigethe

predictor variable. As such, if Hsmpredictor variable is measured in 10s and 100s of

units respectively, then the estimatietteih the second analyses will appear (relatively)

10 times larger. This, however, can be fixed by rescaling the estimated effect in either of
the studies. A similar issues arises when analyses use opposite units to other analyses (e.g
proximity compaukto distance). These are possible if the difference in the units is a linear
transformationHowever, elsewhere such as when distance and log(distance) are used,
the effects are (generally) not combinable because taking the logarithrdingear non
trangormation. Here, and particularly given the difference in (esglti® Johnson and

Summers, 2015hese must be treated as distinct variables.

A similar issue is that some variables are calculated usiegt diffethods. These
differences can be relatively inconsequential. For example, the residential mobility/churn
variable is calculated in a number of ways. These include the annual percentage of
residents who moved into or out of a neighbourliead Bernasco and Nieuwbeerta,

2005) the annual percentage who moved into, out of or within a neighbo(elypod
Baudains, Braithwaite and Johnson, 28i@)using the index of qualitative variation

(Frith, Jbinson and Fry, 2017Another example is where some variables subk as
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presence of saneaperationalised as the number of schools in an area (e.g. eammers
al.,2015) or as a binary variable to indicate if a school is present or not (sqg. &&tna

Block, 2009). In both examples (and others), the effects should be reasonably similar
regardless of operationalization and very similar results were found when the different
versions of the same variables were tested in analyses of the availiatléaa. Frith,
Johnson and Fry, 2017). Theseodifferences can therefore be ignored with little or no

consequence.

However, for two sets of variables the differences in operationalization was much greater.
The first was for the measurement ofi¢vel of affluence in an area. For this, authors

have used measures including the simple average household value (e.g. Bernasco and
Nieuwbeerta, 2005) , factor variables (e.g. loaded on household value, annual income and
the percentage of properties tmat@avneroccupied in Bernasco 2006), couspacific

composite indices of income deprivation (Summers, 2012), aneécsoomic

disadvantage (Clageal.2009).

The second is for the measurement of social disorganisation and collective efficacy for
which authors have used individual variables traditionally associated with social cohesion
such as residential mobility and ethnic heterogeneity (e.g. Bernasco and Nieuwbeerta,
2005), facteload combinations of those variables (e.g. Bernasco, 2006hles\esia

surveys specifically designed to elicit perceived levels of social disorgangsation
Bernasco and Block, 2009; see also Sampson, Raudenbush and Edfly, tH@3e)

the variables are metaalysed if their specific measurement is repeated in multiple
analyses (in the case of houlsklialue, residential mobility and ethnic heterogeneity)

and the remaining idiosyncratic (composite) variables for each are-aaiblystd

together though this potential source of inconsistency is considered when interpreting the

results.
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9.3.4. Non-independert datasets

The next issue regards the Hmadependence of the data where the same or similar
datasets are used in multiple analyses. As described and illustrated earlier, this includes
cases where multiple analyses use the exact same datasets.udedsanalylses that

employ overlapping datasets. For example, where some analyses use all offences in a
dataset whereas others use a subset. It also includes cases where some analyses use da
for one timeperiod (in a study area) and other analyses askodatan overlapping
time-period (for the same study area) such that both analyses (likely) contain some of the
same offences. One consequence of this is that the effects from these analyses will
correlate. As such, because standardamalgses assunie teffects are independent

(across analyses) and each analysis provides new information about the effects, the meta
analysis will overestimate the amount of information regarding each effect. In statistical
terms, the standard errors for each effect evihdorrect and too smélecker, 2000)

Ignoring this correlation will also mean that the results from thamagtsis will be

biased towards those datasets that have been analysed on more occasions.

In generalthere are three general strategies for dealing with sample defjBedkece

2000; Van den Noortgate et al., 2CHig3tly, the dependence can be ignored. In the case

of this literature, where some datasets are analysed on mazy ¢e.¢ew (e.g. 1)
occasions this is in principle not appropriate. The second strategy is to avoid the
dependence, for example, by including only one analysis per dataset. This will however
exclude a large number of analyses and their heterogentityifelgision or not of a
variable) which can provide useful data on the effects of those variables (including the
effect of the inclusion of a variable on the effects of the other variables). This strategy

would also be poor for dealing with the deperdenim analyses of partially overlapping
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samples as they would need to be removed (to avoid any kind of dependence) or

potentially included (and so only some partial dependence is removed).

The third and more complex (but more accurate) strategy isrénéstdwed (in the
metaanalyses and matgressions) whereby the dependence (and partial dependence) is
modelled using a multilevel or hierarchical parameterisation of ttanathyetia (and
metaregression) model. In a multilevel ragialysis, thisespendency is accounted for

by grouping the analyses into nests based on the dataset used. The correlation within and
between those nests are then specified based on the overlap of the data in the analyses

using the following formuifa

O€il 1 Qr Qr

Where®andare a pair of datasef@;, is the proportion of the sample in dataset

that is in dataseiand’Qy, is the proportion of the sample in datésetdatased(Steel

and McLaren, 2009; see also Tam, 1984; Laniel, TO8@ye two examples, first
consider the two analyses in Bernasco and Block (2009) that used the same dataset. Here,
Qp andQj will both equal one and so the efdotm those analyses are calculated to
perfectly correlate (a correlation coefficient dfi$ perfect correlation obviously relies

on all else (between those two analyses)dmpiagwhereas th@alyses shodtdliffer

in some way (e.g. the inclustsmot of a variable). In fact, this knowledge that the
estimates should be equal will help the-ametiyst determine the cause and effect

(including its magnitude) of the variation in the estimates. In a more complicated example

3 |n the original formuldQy Qp is also multiplied by which is the individudgvel
correlation between values but as these data involve the same chwidlesqual 1 and so is
ignored in the formula presented here.

34|f the exact same analyses are reponi@adultiple occasionghe extra duplicate analyses add
no information to the menalysis but will cause the nesting structure to be mykcated
(e.g., an extra nesting level may need to be added). As sedbiplicate analyses are ignored.
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consider the datasetd frglaries in The Hague) used in some of the analyses in
Bernasco and Nieuwbeerta (2005) and Bernasco (2006). In the former analysis the dataset,
now referred to a& contains 548 burglaries for the fpraod 1996 to 2001. In the

latter dataset, nawferred to ag there are 809 burglafi&®m the (overlapping) period

of 1996 to 2004. Due to a lack of information of the exact observations (offences)
included in either dataset, it is assumed for siniplicity the offences are equally
distributel throughout each respective tipegiod. As such, all 548 offences ftoare

ino(Qr p) and 539 (f T Bw 2 @) of the offences imare ind(Q; 1@ Y and

so the correlation is estimatedi@jt ¢

9.3.5. Other analysis differences

As descrilet earlier, there are also other differences between analyses that may need to
be accounted for. The most notable difference and most likely cause of heterogeneity
between analyses is the types of offences being analysed. For example, and although no
hypotreses are explicitly made, because discrete choice analyses assume the offence
(location) choices involve some element of rationality (i.e. they chose locations where they
expect to derive the greatest utility) it is possible these methods are mom suited t
offences likely to be deliberate and ostentatiously purposive such as acquisitive offences
(e.g. Cornish and Clarke, 1986)contrast, analyses of ramquisitive offences (e.g.
violence), which are more likely to involve an emotional or expressive element, may detect
smaller influences (or no influence at all) of the various vaAaldash, although the

metaanalyses and metagressions will be used to first synthesise all analyses (regardless

35 The mix (or not in the case &f of singleoffender and groupffender burglaries is ignored

for simplicity.

36 Minor to moderate differencedlwave little overall effect. For example, even if the numbers

of crimes in each dataset that are in the other dataset are rounded down to the nearest 100 (to 500

for both) the correlation is estimatedi&suv
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of offence type) together, if substantial heterogeneity in the effects is detected (see 7.3.7)
and plausible and definable-syges of offeces are present (e.g. all offences can be split
into those that are acquisitive and-aoquisitive) then separate ragtalyses and meta

regressions will be conducted on eactypeh

There may also other differences between the analyses includiatjdheofcdhe study

area (in terms of the courifyythe size of the spatial units used in the analyses, and
whether the analysis was published (in terms of inr@yered journal or book) which

may affect the estimates in each analysis. To givenpfeeioa each; firstly, given the
dependency on cars in the US and the opportunity cars offer to travel further distances
in shorter timeg¢e.g. see the analysis of travel surveys in Giuliano and Dargay, 2006)
distance (to possible offence locations) may have a less prohibitive effect in the US than
other countries. Semd, the size of the spatial unit may affect the results. Here, if
offenders follow a hierarchical spatially structured location decision process, they may use
different criteria or the influence of those criteria may vary at different scales. As such,
andyses at different scales may find different results for the same variables. Lastly,
whether an analysis is published or not may relate to the fact that published analyses
generally have larger effect sizes as they are more likely to be submittedrea publi
(e.g. Franco, Malhotra and Simonovits, 2@B4¥uch, although these differences are
ignored in the metanalysis, in the meategression they are accounted for (and
hypothes tested for their effect) using moderator variables. Note that unlike the other

moderator variables (including below) which are included as binary indicators, the size of

37The city or general area (within the tgyicould also be included but is not due to the number
of moderator variables that would need to be included.
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the spatial unit is included as a continuous covariate based on its Siaedf,R60s

of residents.

9.3.6. Other issues

The first other issue regards the fact that some variables are only included in a few analyses
or only in analyses of overlapping datasetssuch, little information is available
regarding the true effects of thosealdes. For this reason, variables that have their
effects reported in fewer than five analyses and for only one study area are omitted. In
doing so, the met&nalyses and metgressions only focus on the (18) most commonly

used variables. Also, notettfa sets of interaction variables that would be omitted,
which would include the effect of distance to the city centre for juvenile and adult
offenders, these are combined using a-éffedt model to derive an estimate of the

overall effect (across @nile and adult offendefsYhis is then included if that (overall)

variable meets the criteria above.

Next, some analyses (and the results from those analyses) are excluded if the data used in
the analysis is atypical and-reomdom. For example, all 48alyses in Bernasco et al,
2017 are for offences from the different periods of the day and different days of the week.

These are omitted helbecause the estimated effects from those analyses will not be

38 Note that including the size of the spatial unit in terms of binary variables for small, medium
and large (see also earlier) did not suladitaatifect the results and so is not discussed in the
results.

39 The efficacy of this process can be demonstrated using data from Townsley et al. (2015) and
metaanal ysing the separate CL estimates of the
adult and juvenile offenders and comparing it to the CL estimated effect of distance in the
equivalent CL model without the distinction between offenders. Here, thanathetis

combined estimates were 0.58 (se=0.05), 0.52 (se=0.04) and 0.82 (se¥0®ZI)idgue,
Birmingham and Brisbane study areas compared to the Ckderosl estimates of 0.60
(se=0.05), 0.53 (se=0.03) and 0.83 (se=0.02).
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representative of the general distribution ofteffee. in other study areas rather than in

those specific subsets of offences).

A third issue solely related to the mneggiessions, regards the relatively large number of
moderators (up to 25) that can be included in eachieagegasion. For one, inding a

large number of moderator variables increases the risk of multicollinearity and can cause
unstable estimates of the effects of those variables. As such, for eaayressian,
multicollinearity is investigated using the Pearson correlatiariesadfbr continuous
variables) and Phi coefficient (for binary variables) and moderators are excluded should
they exceed =0.4@.g. Dormann et al., 201Bicluding too many moderator variables

than can be justified by the quantity of data can also indu@i#giogef his is where the
metaregressn model describes the random error in the data and so can yield misleading
results. Here, excessive moderators, defined as where there are more than five covariates
per estimate to be combingthrbord and Higgins, 2008je removed by repeatedly re
estimating the metagression and omitting the covariate with the smallaktepuntil

a satisfactory number of covariates per estimatefemain

9.3.7. Model specifcations

The meteaanalyses and metee gr essi ons are estimated u:
(Viechtbauer, 2018@nd the recommended restricted maximum likelihood metigod
Thompson and Sharp, 1999; Viechtbauer, RO statisticaloftware environment R

(R Core Team, 2016)

40 Other options, such as a criterion of 10 estimates per covariate and including all covariates,
were also testl though the results from these (regarding the effect of the covariates) are relatively
similar and so are not discussed further.
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9.4. Meta-analysis results

Shown in Figure 9.4 are the results, where applicable (see earlier), frorratiedysesa

of the estimates for each of the 18 variables from all of the discrete choice analyses
(regardless of the offence tyjjterent estimates are shofor acquisitive and nen
acquisitive offences (regardless of the offendgmjp and for the separate analyses of
each individual offence (siiippe. Plotted in Figure 9.4 are the estimated average effects
for each variable (the black square) andb#s &nfidence intervals (the solid line
whiskers) and prediction intervals (the dashed whiskers) (see Chapter 4 for more
information for these metrics). These are also shown in the summary data in Figure 9.4
along with the number of estimates contribtiiegch metanalysis (1), the significance

of the hypothesis test that the mean estimate significantly differs from no effect is also
shown, along with the significance ofltHest of heterogeneity and t®emeasure of

heterogeneity (see Chapter 4 for more information for these metrics).

The results show that, on average, many of the variables tested influence the offence
location choices for many of the different typfedfenders. In the case of distance, all
estimates were statistically significant (@8t ), with there being a negative association
between distance and location chaii¢h the exception of nescquisitive offences

(n T3 Y, this was true for all @gsed) offence types and-suydes. Wald tests to
compare the mean effect of distance for juvenile and adult offenders found a significant
difference, where juvenile offenders are, on average, more restricted by distance, when
including all types of offees @ 1 KYO 18t 18 ). However, though a

similar difference was found for acquisitive offenders (g X'YO t8t § the

difference was (marginally) reignificanti{ T8t @
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Figure 9.4: Forest pla of the findings from meta-analysis results
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The other factors found to be, on average, significant positive predictors of an area being
selected for an offence were: being the
acquisitive offenders); theamber of targets (but only for all/acquisitive and robbery
offenders); estimated levels of social disorganisation (for all and acquisitive offenders),
ethnic heterogeneity (for all and acquisitive offenders) and residential mobility (but only
forallandaqui si ti ve offenders); a river betwe
acquisitive offenders), a main street being present (for all and acquisitive offenders); and
the presence of trains/bus stations (for all and acquisitive offenders) andirtgem be
connected to train/bus stations in the of
(@aln mdry . A main road | ocated between the
all/acquisitive offenders) was the only variable (along with the distance variables, see
above) found to be a significant negative predictom@t ). The remaining variables

(digance to the city centre, affluence (composite or household value) and presence of

schools) were not found to be, on average, significant predictors of offence locations.

While the estimated mean effects of each variable can be compared across affence type
and subtypes (e.g. burglary offenders to robbery offenders), due to relatively few studies
analysing either nohurglary or nomcquisitive offencéshere are few opportunities.

The results of the possible comparisons are shown in Table 9.4 thpughsthiee
interpreted cautiously due to the relatively low number of studies used to derive each
estimate. Here, there is no evidence in these comparisons (of the effects of distance,
distance to the city centre, the number of targets and residentigf)rttaddilburglary
offenders (statistically significantly) differ to the general group of other types of non

acquisitive offenders (three variables) or to robbery offenders (one variable: number of

41f using the same criteria as applied for the-anelgsis or metagressionthat there must
be atleast five estimates the effect of a variable and that these must be frigasatone
separate study area.
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targets); or that acquisitive offenders differ toaeansitive offenders (one variable:

distance).

Whilst these comparisons are for the mean effect of each variable, the results in Figure
9.4 also show that there is often a relatively large amount of heterogeneity in the effects
(sizes) for each variable thet combined in the metaalyses. More specifically, in 30
ofthe46metanal yses t2hdestGuhichhassassed whetler the observed

di fferences in the effect Sizes are CcO0mj
Additionally, théO index whichmeasures the percentage of variation that is due to
heterogeneity is high in 36 of the 46 raptdyses and medutorhigh in a further five.

The only metanalyses for which there was no evidence of large amounts of
heterogeneity were fttre number of targets for robbery offenders, the effect of ethnic
heterogeneity for all and acquisitive offenders, and the effect of a main street for all and
acquisitive offenders. For the other variables though, these measures indicate that the
effects ¢n offence location choices) vary across the analyses. This is illustrated in Figure
9.4 by the taderived prediction intervals (the grey dashed lines) which show the range
expected to contain the effect size of 95% of each variable in the (potantigisfirete

choice analyses. For example, and based on the current analyses (see below), the odds

Table 9.4: Results from Wald tests comparing effect estimatéom the metaanalysis

. Wald test

Variable compared Types of offenders compared N Eﬁef)t essémate comparison result

(b, SE) (b, SE, pralue)
Acquisitive offenders 23 -0.34,0.04 .
Distance (km) Non-acquisitive offenders 5 -0.22,0.13 0.12,0.14,p>0.02
Burglary offenders 12 -0.33,0.07 -0.04. 0.09. p>0.0F
Non-burglary acquisitive offender 9 -0.37,0.07 % DS, P70k
Distance to the city Burglary offenders 8 0.00, 0.04 .
centre (km) Non-burglary acquisitivdafiders 7 0.05, 0.05 0.06,0.06, p>0.02
Burglary offenders 11 0.58,0.42 .
Number of targets (10! Robbery offenders 3 0.04. 0.01 -0.54,0.42, p>0.0¢
Residential mobility Burglary offenders 8 0.08, @6 .
(10%) Non-burglary acquisitive offender 5 0.20, 0.05 0.12,0.08, p>0.05
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ratio multiplicative effect of an increase in the number of targets in an area on the
likelihood of a burglar offending in that area in 95% of the futuysemnéof burglary

location choices) is estimated to be between the extremes of 0.06 and 51.94. In contrast,
the multiplicative effect of an increase

future analyses is estimated to be between 0.59 and 0.82.

While large (and in five cases, less than large) amounts of heterogeneity were found for
the estimates of the effects of each variable (and so wider or smaller ranges are predicted
for anyfuture analyses), two important caveats should be consideredlffimityh the

estimated mean effects, etc. conaéifiature analyses regardless of its setting, if the
estimates for a variable are predominantly (or only) from analyses of one type of study
(e.g. one study area, spatial unit size, offentgpsiibtlen the resulting estimate may

only or largely reflect future analyses of that study type. The key examples of this are for
ethnic heterogeneity, for which 88% of all estimates were from the UK. In addition, where
80% of the train/bus station estimates &8 % o f the ©6is the o

nei ghbourhoodd estimates are from the Nel

Secondly, and in a similar way, because the estimated effects likely vary to some degree
depending on the study type (e.g. the study area, spatial unit size, theableer va
included in the analyses), then the estimates will likely appear more or less heterogeneous
depending on the presence and variability of ameisifferences. Possible effects

from these analydmsvel differences can be estimated and aecofantusing a meta
regression (see belawglthough for many of the combinations of variables and offender

types there are insufficient estimates for anegtassion to be conducted.
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9.5. Meta-regression results

Figure 9.5 shows the results for the sreggaessions. As before, the estimates are shown

for all discrete choice analyses (regardless of the offence type), for the separate analyses
of acquisitive and neacquisitive offences (regardless of the offenetymilp and for

the separate analyses @heaadividual offence (sytype. Plotted in the figure are the

results for the met@gression (black) and, for the purposes of comparison, the equivalent
findings from the above medaalysis (grey; see also Figurdtshhws their estimated
averageeffect (the square), 95% confidence (the solid line whiskers) intervals and
prediction intervals (the dashed whiskers). These are shown alongside the number of
estimates used in each analysis (N), the significance of the test that the mean estimate
signifcantly differs from no effect, and the significance of-thst of heterogeneity and

‘O measure of heterogeneity. For the egeessions, the number of moderators
included in the analysis and the number found to significantly affect the mieain effec
each variable, tisggnificance of thé-test that the moderators influence the effect and

the'Y measure of the percentage of heterogeneity between estimates that is explained by

the moderators are also shown.

Similar to the results from the manalysis, these results show that after accounting for
the effect of (up to 25) analylsi¢el differences, a large number of variables still, on
average, appear to influence the offence location choices of many of the different types
of offenders.Intems of the distance (from the off
could be analysed) had a significant negative effect on the likelihood of a location being
selectedaflny 18t ). In line with the previous results, when considering all types of
offenders, distance had a greater impact for juvenile offence location decisions

g YO m8t dr) 18t pthan it did for adults. Moreover, unlike the results of the

metaanalgis, after accounting for analei®| differences, the same was true for
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Figure 9.5: Forest plot of the findings from metaregression(black) and metaanalysis (grey)
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