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Abstract
The spatialisation of violent crime is explored in two large case studies, Chicago and
Sydney, using spatial econometric methods and macro-sociological variables derived
from Social Disorganisation Theory.
Social Disorganisation Theory (SDT) is introduced in terms of its formulation in
response to highly specific conditions arising in Chicago, as well as its adoption of
methodological and theoretical developments from existing traditions. This specificity belies its breadth of application and enduring presence in criminology. With
“Social Disorganisation Theory” hosting a wealth of highly nuanced academic dialogue conducted under its banner, current incarnations of SDT appear as branches
on an evolutionary tree. This research addresses the theoretical roots of that tree,
from which two primary benefits are derived. The first is that the resulting focus on
macro-structural variables permits large-scale urban studies to be conducted with
existing datasets. The second is that this effectively isolates the spatial analysis
from specific theoretical developments and generalises the results. The difference
from the classical formulation of SDT is that an “augmented” set of five variables is
used as independent variables: disadvantage, population heterogeneity, residential
mobility, family disruption and urbanisation. Criminal violence forms the dependent
variable.
All variables are observed to exhibit spatial autocorrelation. In response, Spatial
Durbin Models are selected for each case study. This selection is supported by
diagnostics, with some qualification noted. Initial results suggest a basis for further
exploration. In Sydney, this leads to a fully mediated model with family disruption
as the mediator. In the case of Chicago, the strong landscape of segregation leads to
a model which accommodates for the resulting structural instability. This introduces
a model which provides separate treatment to highly homogeneous areas.
Results indicate mixed support for SDT. With the exception of heterogeneity and
– to a lesser extent – urbanisation, variables broadly align with expectations derived
from SDT in the initial Sydney and Chicago studies. However, these observations are
muted by other outcomes. Firstly, the spatial complexity portrayed in the results is
not formally conveyed by SDT. Using the argument that methodology both enables
and constrains theory development, this is to be expected. Social Disorganisation
Theory is credited with founding the ecological tradition in criminology. However,
concepts of criminogenic place which have evolved from it are typically intertwined
ii

with co-location models of space. This is regarded as a limitation in which spatial
autocorrelation is treated as a nuisance, rather than being theoretically embraced.
That gap is highlighted by spatially rich results. The second threat to SDT in results
from the Sydney case study is that a more parsimonious model is derived from family
disruption alone. Furthermore, when disruption is employed as a mediator, full
mediation is observed. The final response to SDT is that it does not accommodate
structural instability as indicated in Chicago.
The results of this exploratory study offer insights into the spatial richness of
violence in urban areas from an ecological perspective. This complexity poses a
challenge to SDT. The thesis closes by discussing this challenge and includes an
outline of proposed future work.

Keywords: family disruption, SAR, SDM, segregation, Social Disorganisation Theory, spatial autocorrelation, Spatial Autoregressive model, Spatial Durbin Model,
violent crime
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Overview

The thesis is divided into the following parts:

 Part I: Introduction

The foundations for the thesis are established. A brief statement of motivation and context is followed by a presentation of the theoretical framework
for the research. Finally, data sources are described and variable construction
is summarised.
 Part II: Preliminary analysis

Preliminary, non-spatial analysis of the data is presented. Descriptive statistics and exploratory techniques are reported over two brief chapters.
 Part III: Spatial analysis

Spatial autocorrelation is presented as a challenge to non-spatial analysis.
Spatial models are then discussed as a response, and the model selection
process is described. Results are presented and interpreted from a spatial
modelling perspective – deferring theoretical implications to part V.
 Part IV: Confounding effects

Confounding effects for each case study motivate new avenues of exploration.
 Part V: Discussion

Results are considered in terms of their ramifications for theory, and the thesis
is summarised.
 Part VI: Bibliography

The first part of the thesis end-matter consists of references.
 Part VII: Appendices

The second part of the thesis end-matter consists of a set of appendices.

1

Part I: Introduction

2

Three chapters are used to introduce the thesis:

 Chapter 1 presents the motivations for the research in broad terms. The

selection of case studies and the crime typology of interest (crimes of violence)
are established.
 Chapter 2 describes the theoretical framework used for the research – Social

Disorganisation Theory. This is contextualised by historical factors influencing its development. Environmental concepts of interest are derived from this
account.
 Chapter 3 describes the data sets used and discusses how they are processed

to produce quantitative variables that represent the concepts presented in the
previous chapters.

3

1
Motivations and context

This chapter outlines the foundations of the research in terms of five broad categories: (i) motivations; (ii) context; (iii) case studies; (iv) analysis; and (v) framework. It closes with a list of broad research questions.

1.1

Motivations

The research is driven by a universal problem and perennial source of academic
interest: crime – specifically, crimes involving violence. The motivating appeal of
crime research is summarised in terms of two costs: (i) financial burden; and (ii)
psychic costs. Violence is then introduced as the specific crime typology motivating
the research.

1.1.1

Financial costs of crime

Three observations are apparent in considering financial impacts of crime. The
first is that they are inevitably large. The second is that these already imposing
estimates are frequently described as under-stated. As an example, Brand and Price
(2000) estimated costs of crime in England and Wales at a hefty £60 billion annually
(where GDP for the same year was £730 billion) and yet this has been criticised
as a considerable under-estimation (Albertson & Fox, 2008). The third observation
is that the typically amorphous formulation of crime costing leads to difficulties
in quantification and results are known to vary considerably. One example involves
costs which are inherently difficult to quantify, such as personal “pain and suffering”.
Another involves intangible costs associated with “fear of crime”. While this fear is
the subject of the following section, it is also bears a financial cost. One example is
that it provokes anticipatory expenditure in order to avoid victimisation and, on that
basis, should be included in the real evaluation of crime costs (Dolan & Peasgood,
2006). One assessment of anticipatory costs associated with the fear of crime in
the US estimates it at between $US160-300 billion annually, surpassing the amount
spent nationally on law enforcement — including police, court and prison systems
4
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(Garnett, 2012)! A more recent estimation of global costs of violence alone arrived
at a figure of $14.8 trillion USD, roughly $1,988 per person (Iqbal et al., 2019).
A different approach considers the cascading costs of a single act of violence when
applied across an urban landscape. On that basis, the total societal cost of a single
gunshot wound is estimated at around $1 million USD (Cook & Ludwig, 2000),
and one extension of that calculation suggests the total annual cost of gun-related
violence to Chicago to be around $25billion USD (Ander et al., 2009)1 .

1.1.2

Psychological costs of crime

Psychological costs of crime exist in the form of personal stress for victims impacted
by their experiences with it (Norris & Kaniasty, 1994). For example, a study of
Australian small retail businesses found significant psychological costs as a result of
robberies and burglaries, with one in five victims experiencing difficulty in returning
to the workplace (Taylor & Mayhew, 2002). However, victimisation is not a necessary precursor to the fear of crime (Covington & Taylor, 1991; Moore & Shepherd,
2006). Regardless of direct personal experiences, it has long been recognised that
fear of crime exerts a significant impact on the community in general (Ditton &
Farrall, 2017), on certain sectors of the community specifically, such as the elderly
(e.g., LaGrange & Ferraro, 2017; Skogan, 1978), and can be focused on certain crime
typologies, such as those relating to gang activity (e.g., Skogan, 1986). As a focus
of criminological research since the 1970s the effects of such fear have been welldocumented (Glas et al., 2019), and manifest as constraints on even basic activities
such as leaving the house (Kilgour, 2003; Patsios, 1999).
The public fascination with crime is indicative of its perceived personal relevance.
This may be observed in the relationship between media, crime and perceptions of
public interest2 . Considering only those aspects of media associated with reporting,
it is apparent that crime occupies significant aspects of that coverage. Reiner and
Livingstone (1997) found that the proportion of articles printed by The Times in
which crime was a central theme rose from 7% in the period 1945-1951 to around
21% in the period 1985-1991. It is therefore hardly surprising that crime news has
been observed to attract greater public attention than any other issue (Roberts &
Hough, 2005). A measure of such interest comes from a report in The Guardian of
a postcode-level crime-mapping website that repeatedly crashed on launch due to
some 18 million hits per hour on its first day of operation (Travis & Mulholland,
2011).
1

See endnote 3 on page 13 in Ander et al. (2009) for the details of how this figure was calculated,
as it may be a controversially high figure. It is presented here without additional comment as an
indication of the potential costs associated with ripple effects of violent crime.
2
For the purposes of this document, the important issue of media over-reporting of crime is
side-stepped; this invokes matters of crime construction which is a vigorous research area in its
own right.
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Violence

Crimes of violence motivate the research in four ways. The first is simply as a
response to media and public interest. For example, a study in the 1980s of 10 major
British newspapers found that some 64% of the space they devoted to crime was
to crimes of personal violence (Williams, 1993)3 . The second is the opportunity to
engage in a dialogue with an extensive body of academic literature on the subject.
Research publications on violence in psychology and sociology were estimated as
exceeding 30,000 at the turn of the millennium (Dollase & Ulbrich-Herrmann, 2003),
with increasing numbers focusing on spatial aspects of violence since that time (Tita
& Greenbaum, 2009). The third issue is its contribution to the costs of crime. In
2015, the cost of broadly-defined violence was estimated at 13.3% of global Gross
Domestic Product – around $5 USD per person per day (Alves et al., 2017). The
final issue relates to data quality. The disparity between reported and actual crime
events is referred to as the dark figure of crime (Biderman & Reiss, 1967), with
claims that it comprises as much as 80% of crime events (Herbert, 1982). There are
two aspects of this dark figure: (i) under-reporting by victims to authorities; and
(ii) under-reporting by authorities in the data collation process. It is suggested that
the dramatic nature of violent crime renders incidences of it less likely to underreporting by either source, suggesting greater preservation of data integrity. This is
explicitly manifest in reporting systems in which only the most serious action in a
crime event is reported; in such environments crimes of violence are much more likely
to be preserved within the data than lost to dark figures 4 . While it is recognised that
focusing on violent crime may not entirely incorporate the dark figures of crime into
the data – for example, domestic violence is still highly under-reported (Herbert,
2004) – it is suggested that it is significantly reduced compared to crime typologies
with less dramatic impact.
With the motivating factor established in broad terms, a brief account of how
violence is defined for current purposes follows5 . Violence has been described as
“one of the most elusive and most difficult concepts in the social sciences” (Imbusch, 2003, p. 13). Tolan (2007, p. 5) has related it to Justice Potter Stewart’s
famous statement regarding the definition of hardcore pornography, that despite being difficult to define “I know it when I see it”. Such difficulties are acknowledged,
but for current purposes the potentially ephemeral nature of‘violence is addressed
3

In the reported study, this 64% of space corresponded to only 6% of crimes fitting the criteria
of personal violence. The discrepancy is of passing interest in terms of the impact of media bias
in fuelling public obsession and fear of violent crime, all of which only exacerbates interest as a
research topic rather than diminishes it.
4
So-called incident-based reporting resolves this issue by (supposedly) including all related
crimes in an event. However, many data sets (both historical and current) only include the most
serious crime. Since violent crimes are more serious, they are more likely to persist.
5
A full account of how the concept is operationalised is reserved for a discussion of variable
instantiation – the subject of chapter 3.
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by confining it to violent crime. Accordingly, it is defined in criminal terms. Here,
acts of criminal violence are considered to be those as defined by law as crimes of
aggression or crimes against the person. While such a statement may have broad
support – perhaps to the point of appearing redundant – it is also noted as a subset
of more expansive views of what constitutes violent crime, given the broad scope
of the concept (Krug et al., 2002; Tolan, 2007). For example, it excludes safety
crimes which address employment-related offences against workers and the public
safety (Tombs, 2007, 2014), state-supported violence such as war crimes (DiPietro,
2016; Morrison, 2014), violent outcomes as a result of impaired driving (Miller et
al., 2017) and ecological violence such as those arising from the invisible killer of air
pollution (Walters, 2014). The exclusion of such crimes in favour of conventional
means of defining violent crime is open to criticism since – despite their “invisibility” (Davies et al., 2014) – their magnitude typically far outweighs legally-defined
violence and they are accordingly subject to fervent research in critical criminology. This criticism is acknowledged. However, the decision to work within narrowly
defined concepts of violence is defended on the grounds that from a research perspective they are mutually exclusive domains within violence studies. They require
different data, different analytical approaches, different definitions of social harm,
different historical foundations in criminological theory and different orientations to
the social construction of crime. Thus, a more inclusive definition of violence puts
potential research outcomes at risk of dilution in this case. With this limitation
understood, the terms violence and violent crime are used interchangeably within
the thesis, unless explicitly indicated otherwise.

1.2

Context

Context here refers to those issues which constrain the problem and ultimately assist
in the selection of compatible case studies. Two spatially extensive case studies are
selected – to be introduced in section 1.3. The context leading to selection is refined
by focusing on three factors: (i) data that are accessible and of high quality for (ii)
major urban areas in (iii) countries with high Human Development Index (HDI)
scores.

1.2.1

Factor 1: Data accessibility and quality

Developments in computing have heralded vigorous growth in spatial technologies.
For criminological research and practice this includes the use of Geographic Information Systems (GIS) and crime-mapping applications (Murray et al., 2001). The
growth in the use of such technology has fuelled the demand for spatial data on crime
events and potential covariates in social, economic and environmental domains.
The decision to engage in spatially extensive studies requires the pre-existence
7
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of such data since data acquisition at the (metropolitan-wide) scales involved is infeasible. For current purposes, these data need to satisfy some fundamental criteria.
They need to be accessible, reliable, capable of aggregation to identical spatial units
across different data sets and able to form variables representative of theoretical
concepts of interest6 .

1.2.2

Factor 2: The urban environment

A focus on the urban environment is driven by five issues.The first is relevance. The
urbanisation of the population is a well-documented, ongoing global phenomenon.
In the four decades to 2050 the urban population is expected to surge from 3.5 to 6.3
billion, with some 80% living in urban environments (United Nations Department
of Economic and Social Affairs, 2010).
The second issue is that urban environments are associated with higher incidences
of crime generally (e.g., Ladbrook, 1988) and violent crime specifically (Avakame,
1997; Conflict, Crime and Violence Team, 2011). For example, in 2011, violent
crimes reported to the FBI were 410.3 per 100,000 persons in metropolitan areas compared to 382.1 per 100,000 in non-metropolitan urban areas and 186.1 per
100,000 persons in rural areas (Office for Victims of Crime, 2013).
The third issue is that non-urban populations are demographically different from
those of urban areas, being typically less dense and more ethnically homogeneous
(Clack, 2019). This suggests caution in applying theoretical frameworks derived
from urban research to non-urban cases. For example, population density and heterogeneity will be presented as concepts of theoretical relevance in chapter 2. More
broadly – and despite vigorous research in the non-urban context – the urban environment is often presented as the ecological “niche” of choice for criminological
study, as summarised by Grabosky (1977, p. 1):
Cities provide a particularly worthwhile setting for the study of crime,
for the rich complexity of urban social organisation is accompanied by an
unparalleled diversity of human activity. Thus the city, as the very core
of modern society, constitutes the focal point of the conflict of norms and
behaviours which circumscribes the definitional aspect of criminality.
The fourth issue is more contentious. It has been suggested that there are qualitative differences between the urban and non-urban environment that impact on
methodological decisions. For example, DeKeseredy (2008) states that quantitative
methods are not always well-suited to rural problems. A more strident stance argues that urban and rural crime are quite different phenomena (Mencker & Barnett,
1999). For example, lack of surveillance and increased isolation have been associated
6

Here, accessibility refers principally to availability. Being free to access is desirable but not
necessary. Despite being optional, all data used in this research are also free of cost.
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with increased property crimes in rural areas (Clack, 2019). With respect to violent
crime, it has been reported that certain typologies such as rape and robbery are
extremely rare in rural environments and, consequently, present little variance to be
explained (Bouffard & Muftić, 2006).
Finally, the increased population densities and incidences of violent crime associated with urban areas (e.g., Ladbrook, 1988) relate directly to issues of desirable
attributes of data (described above) with respect to quantity, quality, accessibility
and relevance.

1.2.3

Factor 3: Countries with high HDI scores

A developmental component is incorporated to ensure comparability between case
studies.
Higher-income countries exhibit profiles of violence that are different from those
of low- and middle-income countries (Wolf et al., 2013). This includes certain crimes
of violence in low-income countries that are relatively unheard of in high-income ones
– such as maritime piracy, gang warfare and ransom kidnappings (Natarajan, 2016).
Additionally, policing and judicial systems indicate vastly different levels of funding
and professionalism (Stubbert et al., 2015). It is not uncommon to reference such
differences on the basis of developed versus developing status based on changes in
per-capita income (Myint, 1958). However, such terms may be considered archaic
and unidimensional. The Human Development Index (HDI) is suggested as one alternative. This is a composite index intended to replace national economic measures
by population-centred metrics, and incorporates life span, access to education and
purchasing power (ul Haq, 1995).
Case studies are selected from countries within the topmost developmental range,
designated as “very high HDI”. The decision to select from top HDI scores excludes
countries which are typically observed to be most violent (Alves et al., 2017; Natarajan, 2016) in favour of those which have higher data integrity, are less likely to suffer
from ambiguity in legally defined definitions of violence and have greater historical
alignment with the theoretical framework adopted within the research. As such,
the concept needs no further elaboration here beyond its role as a developmental
indicator7 .

1.3

Case studies: Preview

Satisfying the fundamental criteria outlines in section 1.2, Chicago and Sydney
were selected as case studies. Both are state capitals with accessible crime and so7

In fact, despite the effort to contemporise the concept of development towards person-centred
measures, purely economic indicators would have sufficed. It has been observed that for the “very
high HDI” category (alone) there is a significant correlation between HDI and the Consumer Price
Index (Alves et al., 2017).
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cial datasets in countries with very high HDI8 . The decision-making process within
these bounds was simple. Chicago was selected first on the basis of its historical
importance to criminology – introduced in section 1.5 and explored in chapter 2.
Considerations for a second case study initially focused on other US cities (Detroit,
Houston and Los Angeles). However, for comparative purposes it was decided to
explore the tension between maximal cultural similarity and minimal historical association. As a result, cities from the UK (London) and Australia (Melbourne and
Sydney) were considered. Ultimately, Sydney was selected as the second case study9 .
In comparing the case studies, two indices relevant to security are used. These
are:
 The Safe Cities Index (The Economist Intelligence Unit, 2019) uses 57 indi-

cators to compare 60 cities;
 The Global Power City Index (Institute for Urban Strategies, 2011) ranks 35

major cities on the basis of global attractiveness, one component of which is
livability – which includes security and safety factors.

1.3.1

Sydney

Sydney is the capital city of New South Wales, Australia10 . Figure 1.1 shows the
area of the Sydney case study (described in section 3.2 and appendix A)11 . Based
on textural differences, the satellite image confirms that the case study is defined by
urban areas within the Sydney region, described further in chapter 3. The population of the Sydney study area is 3,465,342 with a mean population density of 1,866
per km2 .
Sydney was the site of first non-indigenous settlement of Australia when, in 1788,
it started as a British penal colony. The history of its rapid growth and the arrival
of free settlers includes very little documentation of acts of violence involving the
indigenous population and the new colonists, since the story of Aboriginal resistance
to the growing frontier has been under-represented in historical accounts (Reynolds,
8

The most recent HDI results place Australia (HDI = 0.926) and the United States (HDI =
0.911) very closely – ranked 3rd and 6th , respectively (United Nations Development Programme,
2019). For 2010, 26 of 189 assessed countries were rated as “very high HDI”, with the top ten in
rank order being Norway, Switzerland, Australia, Germany, Netherlands, United States, Denmark,
Singapore, Sweden and the United Kingdom.
9
Initially, the inclusion of all three case studies was entertained, but it was decided that this
placed an unrealistic burden on reporting results for the thesis. Sydney was finally selected as the
second case study on the basis of the availability of a richer criminological dataset.
10
Although Chicago is the pre-eminent case study in many ways – not the least being its
historical influences on the development of Social Disorganisation Theory – Sydney is consistently
presented first throughout the thesis. This is due to the fact that many results are simpler for
Sydney and thus serve as a useful introduction to increased complexity observed in the Chicago
case.
11
All satellite maps in the thesis are produced in R using leaflet (Graul, 2016) and World
Imagery basemaps (Esri et al., n.d.).
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Figure 1.1 has been removed from this version of the
Thesis for Copyright reasons.

Figure 1.1: Sydney study area (approx. 1,290 km2 )
2013). With that important caveat in mind, crime within the colony was welldocumented and violence – having declined dramatically after transportation of
convicts ceased in 1840 – continued to decline into and throughout the 20th century
(Grabosky, 1977). More recent accounts of Sydney’s crime have been described in
terms of levels of “serious annoyance” rather than levels of “major threat” (Zimring
& Hawkins, 1996, p. 4). This relatively low incidence of violence is reflected in
summary indices. The Safe Cities Index places Sydney in the “very high” category
(ranked 5th ), with the “personal security” component of that index also rating “very
high” (ranked 10th ). The livability component of the Global Power City Index ranked
Sydney 19th in its list of top 35 global cities.

1.3.2

Chicago

A map of the study area for Chicago is presented in figure 1.2. It has a population
of 2,713,814 and a mean population density of 4,780 per km2 . In comparison to
the Sydney case study, Chicago occupies less than half the area and has a mean
population density exceeding 2.5 times that of Sydney. Furthermore, the satellite
image indicates that, unlike Sydney, the study area of Chicago is part of a more
expansive urban landscape.
With a historical reputation for violence – described further in chapter 2 –
Chicago is still described as one of the most violent cities in the US (e.g., Burdick11
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Figure 1.2 has been removed from this version of
the Thesis for Copyright reasons.

Figure 1.2: Chicago study area (approx. 568 km2 )
Will, 2013). While such a reputation is also strongly challenged (e.g. Papachristos,
2013), it is nevertheless the case that 53% of Americans polled thought Chicago was
its most dangerous large city (Erbentraut, 2014). However, like Sydney, Chicago is
rated “very high” by the Safe Cities Index for overall safety (ranked 11th ) and also
for the “personal security” component (ranked 26th ). For the livability component of
the Global Power City Index Chicago was ranked 29th out of 35 candidates. While
consistently rated lower than Sydney for safety and security, Chicago is nevertheless
indicated as a relatively safe city at the metropolitan scale.
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Analysis

Analysis here refers to processes contributing to operational aspects of the research.
This includes methodological issues relating to data preparation, data analysis, mapping, regression techniques, diagnostics and interpretation. This material forms the
bulk of the thesis and is described in context12 . However, a foundation for that
ongoing discussion is presented here in an outline of research strategy.

1.4.1

Research strategy

Maxfield and Babbie (2015) refer to four research purposes in criminal justice (referred to here as strategies):
1. Exploration: Exploratory research is commonly applied to the investigation
of problems which are under-represented in the literature or which suggest
the need for alternative interpretation;
2. Description: Descriptive research in criminology is typically applied in the
establishment of a problem’s scope and the need to accurately document its
extent and nature;
3. Explanation: Explanatory research focuses on drawing inferences and commonly addresses links of causality; and
4. Application: Applied research in criminology typically addresses issues which
directly impact upon crime prevention, policy and programme evaluations.
to which a fifth is added13 :
5. Prediction: This includes what-if scenarios for predicting the effects of parameter changes in a model and the generation of “risk maps” to suggest the
location of crime hot spots.
The research strategies applied in the work represented by this thesis are exploratory
and explanatory. There is a descriptive component to the work and – with its
motivation grounded in a social problem such as violence – a suggestion of applied
relevance. However, these do not direct the research process and do not lead to
conclusions in the thesis. Furthermore, prediction is included only because it plays
12

All computational processes – including mapping, statistical analysis and modelling – are
performed using the statistical software, R (Ihaka & Gentleman, 1996; R Core Development Team,
2016). All models are fitted using Maximum Likelihood Estimation. Further details are included
in appendix R.
13
Alternative strategies have been excluded, most notably confirmation. Confirmatory research
is typically presented as an opposing strategy to exploratory research in which the focus is on
hypothesis testing. Its domain is shared by those included here, most evidently in explanatory
research.
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a comparative role in refining the definition of explanatory research in chapter 8.
Explanatory research is associated with causality, often focussing on the response
of a dependent variable to changes in independent variables (Bachman & Schutt,
2020). In the current research this is associated with hypothesis testing and investigating the effect of SDT-derived variables on incidences of violence. The definition
will be expanded upon as required (subsection 8.3.1).
Reflecting its alignment with inductive reasoning, exploratory research strategies
are valuable in the generalisation of observations – not just in theory development
but in reinforcing theoretical frameworks, particularly where the concepts being
explored are under-represented, poorly understood or in a state of flux (Stebbins,
2001). Such research typically occurs in the absence of a priori conceptions about
the outcomes. In the current research, this primarily addresses observations about
the performance of selected spatial models on existing bodies of theory formulated
prior to the existence of such tools.

1.5

Framework

The framework is the theoretical basis on which the motivating issues and the research processes are given context. As well as providing a conceptual “lens” by
which the problem is approached, the framework influences operational decisions as
fundamental as the selection of variables.
The selected conceptual framework for the research is one of the most enduring
theoretical forces in criminology – Social Disorganisation Theory. This is introduced
as a broad palette of related concepts in chapter 2, arising as an organic response
to historical events in Chicago.
The theoretical framework is married to the research processes in bridging two
research paradigms, with the resulting approach described here as being theory-led,
data-driven. In the case of spatial data, Anselin (1989) distinguishes two philosophical approaches (Anselin, 1989). The first he refers to as data-driven and is, in part, a
response to developments in computing that have delivered an increasingly data-rich
world (Openshaw & Alvanides, 1999). Data-led research proceeds without a priori
theoretical expectation of how the spatial data should be interpreted with respect
to patterns, structures and interactions – as indicated in the title of Gould’s 1981
paper “Letting the data speak for themselves”. Anselin (1989, p.64) states that:
In this largely inductive approach information on spatial pattern, spatial
structure and spatial interaction is derived without the constraints of a
pre-conceived theoretical notion.
He adds that this approach suggests methods such as point-pattern analysis, indices
of spatial autocorrelation, kriging, etc. — which are all fundamental processes of
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spatial analysis. Thus, data-led research gels with the exploratory research strategies
described above (subsection 1.4.1).
The alternative paradigm to the data-led one is what Anselin (1989) refers to as
“model driven” – or, elsewhere, more directly as “theory-driven” (Anselin, 2002).
Here, a theoretically grounded model is developed which is then presented with the
data (Anselin, 1989, 2002).
The research reported in this thesis incorporates both paradigms – sequentially
– as follows. Spatial analysis and modelling is employed to respond to observations
in the data. This forms the bulk of the thesis. However, theory-driven processes
serve to “book-end” this presentation. At the start (chapter 2) SDT is articulated
as a theoretical response to specific historical conditions, ultimately presenting a
basis for the derivation of variables to be used in the research. At the conclusion
(chapter 12), analytical results are reconsidered in theoretical terms. This separate
treatment is summarised in an introduction to thesis structure, which follows.
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Introduction to the thesis

This section summarises the structure of the thesis followed by some some notes on
presentation style.

1.6.1

Thesis structure

A conceptual overview of the thesis – and the research process it describes – is
summarised schematically in figure 1.3. The discussion which follows references
this diagram (by name and colour-coding) in order to present a cohesive sense of
structure.
Cost

Nonspatial
ESDA

Violence

Fear

Analysis

Motivations

Spatial
methods

Models

Research
process

Data
access

Urban

Context

Framework

High
HDI

SDT

Others

Case studies

Chicago

Sydney

Figure 1.3: “Mindmap” of fundamental aspects of the research
Motivations
Part I: Chapter 1, section 1.1
The research motivation is broadly expressed in terms of the pervasive effects
of violent crime, summarised with respect to financial costs and psychic costs.
Violent crime is defined for current purposes as crimes designated as aggravated
and/or crimes against the person.
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Context
Part I: Chapter 1, section 1.2
The operational context of the study is determined by: (i) designated urban areas
with (ii) good quality criminological and social data in (iii) countries with high
Human Development Index scores.
Direct influence: Case study selection
Case studies
Part I: Chapter 1, section 1.3 and throughout
Sydney and Chicago are identified as the selected case studies, and are referenced
in every chapter of the thesis (with the exception of chapter 2, which addresses
Chicago only).
Direct influence: Social Disorganisation Theory (SDT) arose amidst the tumultuous developments in Chicago and, therefore, the history of the city bears
upon the development of SDT.
Framework 1
Part I: Chapter 2 — Introduction to Theory
Social Disorganisation Theory is introduced as an organic development, responding to social conditions of Chicago at the time. This contextualisation of SDT
continues with an overview of its historical development, decline and resurgence.
This leads to the discussion of five structural variables of interest: disadvantage,
heterogeneity, residential mobility, family disruption and urbanisation.
Direct influence: The theoretical framework and analytical processes operate
largely as mutually exclusive “black boxes”. The result of this functional separation is that the first round of theoretical discussion offers five structural variables
to be operationalised for analyis.
Analysis 1
Part I: Chapter 3 — Data preparation
Prior to analysis and modelling, datasets are selected, cleaned and derived as
appropriate proxies for important concepts. For example, structural variables are
a theoretical concept which become operationalised as independent variables.
Analysis 2
Part II: Chapters 4 & 5 — Initial exploratory data analysis
Initial observations of the data are made. This includes non-spatial descriptive
statistics as well as some which extend from the observations of maps and simple
indices in a spatial context.
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Analysis 3
Part III: Chapters 6 to 9, inclusive — Spatial analysis & modelling
The pivotal concept of spatial autocorrelation is introduced and presented in
map form. A suite of spatial regression models are presented, with associated
diagnostics, and the model-selection process is described. This is implemented
and results produced, prompting the discussion of a number of crucial issues
in model interpretation. Outcomes are interpreted as spatial models, deferring
criminological ramifications to later discussion.
Direct influence: Both this and the final analysis phase form the basis for
theoretical consideration when revisiting the framework for the research.
Analysis 4
Part IV: Chapters 10 & 11 — Exploring specific issues
A combination of modelling results and a prior knowledge suggest benefits to
further exploration. A single “confounding issue” is explored for each case study.
In the Sydney case, this is the possibility that one variable – family disruption –
mediates the influences of other variables on violence. In the Chicago case, it is
the effect of segregation that suggests a need for re-examining the previous model.
Direct influence: Both this and the previous analysis phase form the basis for
theoretical consideration when revisiting the framework for the research.
Framework 2
Part V: Chapter 12 — Return to theory
The final “black box” process involves applying theoretical considerations to the
results obtained from modelling processes previously outlined. Theoretical perspectives outside of SDT are added to the discussion as appropriate.
Conclusion
Part V: Chapter 13
A brief summary of the thesis is provided.
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Research questions

Stated in its simplest form, the primary research question is:
How do macro-structural variables derived from Social Disorganisation
Theory relate to rates of violent crime in urban populations?
The question is clarified and extended in five points.
The first states the set of macro-structural variables, of which there are five.
The first three – concentrated disadvantage, population heterogeneity and residential mobility – are associated with what will be referred to here as the classical formulation of Social Disorganisation Theory (SDT), proposed by Shaw and McKay
(1972 [1942]). Family disruption (proposed by Sampson, 1987) and urbanisation
(proposed by Sampson & Groves, 1989) are added to establish what will be referred
to as an augmented set of structural variables for SDT.
The second point of clarification ensures that an explicit research context is
framed by the concept of “space”. One of the fundamental issues addressed by
SDT is to explain variations in crime over space (Heidt & Wheeldon, 2015). Shaw
and McKay (1972 [1942]) not only observe such variation, but note that it appears
relatively stable over time despite population turnover. The result is an ecological
concept of crime etiology from which the idea of criminogenic place emerges14 . The
point of clarification is that relatively new spatial research methods are applied to
the study, with the understanding that they may challenge traditional incorporation
of “space” within the context of SDT.
The third point is to explicitly state the specific target populations of the study,
which constitutes an exhaustive sample of residents and crimes of violence in urban
areas in Chicago and Sydney. This is elaborated upon in chapter 3.
The fourth issue is that the formulation of the research question conflates two
questions reflecting different research strategies (as per subsection 1.4.1). One rendering of the question is explanatory in nature. With SDT operating as the theoretical lens, the interest is in the degree to which variation is explained15 . The
alternative rendering of the research question is exploratory, particularly motivated
by relatively recent developments in spatial analysis. Variables and theory are explored and potentially adjusted in response to observations. These suggest different
research pathways with the potential for theoretical implications.
The final issue might be regarded as subtext to the primary research question
and emerges from considerations already stated. Many later developments in SDT
14

For now, the word etiology passes with little comment except to note that issues of causality
will be deferred to a reconsideration of explanatory modelling in section 8.3 and to concluding
statements in chapter 12.
15
Were this the sole orientation of the research, theoretically derived expectations might be
represented by hypotheses, as in the account by Bruinsma et al. (2013). Since the research is
largely exploratory, it was decided that such a presentation would confuse proceedings and the
question is therefore left in an open format.
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departed from the centrality of structural variables (such as disadvantage, heterogeneity and population mobility) which largely defined the original model of Shaw
and McKay (1972 [1942]). Examples of such alternatives include systemic developments – which additionally consider the influence of behavioural regulators such as
kinship networks (e.g., Bursik & Grasmick, 1996, 1993) – and the framework defined by concepts of collective efficacy and social capital (e.g., Sampson et al., 1999,
1997). A return to focus on structural variables as the sole factors of theoretical
interest, suggests a line of inquiry which reconsiders SDT in more traditional terms,
in concert with recent developments in spatial analysis.
A number of sub-questions arise:
 How does “space” factor in addressing the research question? Although SDT

is inherently spatial in the sense that it is an ecological theory of crime, initial
studies indicated a potential need for revising the concept;
 How does the adopted methodology perform? Since the methodology ulti-

mately determines the basis for assessment of spatial behaviour it needs to
be subject to scrutiny;
 What are the outcomes for criminological theory?

Explanatory and exploratory results converge on a reconsideration of SDT.

1.8

Summary

The work described in this thesis contributes to the dialogue on violence studies.
For these purposes, violence is narrowly defined to be criminal violence and acts
of aggression as legally defined. More specifically, the research focus is on violent
crime in the urban context. Two large, urban case studies are selected: Sydney and
Chicago.
The theoretical basis for framing the research is Social Disorganisation Theory –
introduced in chapter 2. The analysis involves a number of approaches with a focus
on mapping and spatial regression models. These are introduced within the body
of the thesis as relevant. Research strategies are best described as both explanatory
and exploratory.
The chapter concludes by outlining research questions. These guide the research
throughout, are expounded upon as the context arises, and are considered in terms
of the research output in chapter 12.
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2
Social Disorganisation Theory in context

This chapter introduces Social Disorganisation Theory (SDT). In order to account
for its role in framing the research and to facilitate a more nuanced discussion later
in the thesis, it is presented as an organic interplay of evolutionary forces rather
than a static set of propositions. This involves three sections. The first establishes
historical context. This focuses on Chicago as the birth-place of SDT. The second
discusses SDT as an emergent product of these forces. The final section presents a
summary of SDT-derived concepts of interest to the research.

2.1

Historical context

The Venn diagram in figure 2.1 places SDT at the centre of three influential forces:
(i) urbanisation; (ii) spatial methods; and (iii) the sociology of deviance or delinquency.

Urbanisation

SDT
Spatial
methods

Sociology
of
deviance

Figure 2.1: Venn diagram of influences on SDT
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Urbanisation

The urban development of Industrial-age Chicago bears considerable influence on
Social Disorganisation Theory which, in many ways, may be seen as a response
to it. This account separately considers five historical aspects: (i) selected attractors; (ii) selected historical moments; (iii) rapidity of growth; (iv) selected spatial
characteristics; and (v) accompanying social problems1 .
This unintegrated account sacrifices conceptual richness for brevity in highlighting isolated issues of particular relevance.
2.1.1.1

Attractors

Here, the term “attractors” refers to attributes and developments that drew residents
and commerce to the city.
From its inception with Fort Dearborn in 1803, Chicago has reaped the benefits
of locational advantage. Lake Michigan and the Chicago River served it well in
the post-1812 days of steamboats and, with the opening of the Erie Canal in 1825,
helped link Chicago to Europe via New York and establish it as a gateway city
for migrants (Indian National Science Academy et al. [INSA, CAS, et al.], 2001).
This was furthered by the development of the 154-km Illinois & Michigan Canal
to link Lake Michigan and the Mississippi system which commenced in 1836 – the
same year the Galena & Chicago Union Railroad was commissioned. Both projects
were completed in 1848 (Grant, 2005), kick-starting Chicago’s imminent rise as a
transport hub, aided by investment from the industrialising eastern states seeking
expansion (Dreyfus, 1995). In 1850 the Chicago Tribune, in its “Annual Review of
Commerce”, praised the three sources of Chicago’s commercial success – the Lakes,
the Illinois & Michigan Canal and Galena & Chicago Union Railroad (Dreyfus,
1995).
Chicago’s trade with its territories was well-established prior to the arrival of
the railways, but was restricted by seasonal conditions. Ice and storms on Lake
Michigan closed shipping routes from November to May and in the wet season
dirt roads turned to mud or were blocked by snow in winter (Cronon, 1992). The
railways solved many of these problems. By 1852 Chicago’s commercial success as
a manufacturing hub was marked by an additional four railways and by 1856 there
were a total of ten (Dreyfus, 1995). Chicago emerged as a regional rail hub, forever
altering the movement of people and goods (Pile, 1999), and catapulting Chicago
over St Louis at the largest city in the Midwest (Cronon, 1992). By the end of the
19th century Chicago was recognised as the world’s premier railway centre (INAS,
CAS, et al., 2001).

1

Not entirely by coincidence, the historical account also proves a useful backdrop to one of the
selected case studies!
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In the heyday of the Industrial Revolution, no problem for Chicago was too big
that it could not be addressed by technological solutions. Over a period of two
decades from 1849 streets and existing buildings were raised in a major engineering
feat (Cronon, 1992; Pile, 1999), facilitating internal accessibility by roads. The mid19th century saw the Illinois & Mississippi Telegraph deploy telegraph lines along
railways (Dreyfus, 1995; Pile, 1999), closing the distance between Chicago and the
national economy. The impacts of improved communications on commerce were
dramatic. Agricultural markets would turn to news coming out of New York and
Chicago to establish trade conditions that would affect the nation (Cronon, 1992).
In 1888, The Chicago Edison Company brought electricity for 10,000 incandescent
lights to power the financial centre of the city (Platt, 2005), supporting the emergence of national retail centres. The 1890s saw the arrival of in-home telephones for
the city’s more affluent residents (John, 2005) and the construction of the world’s
first electrical generator (Platt, 2005). The health hazard posed to the water supply
by untreated sewerage in Lake Michigan was resolved by engineering a reversal of
flow to the Chicago and Calumet Rivers (Abbott, 2005; Bruegmann, 2005).
A number of rural industries boosted Chicago’s economic position. Their centres of business were scattered throughout the city, some relatively inoffensive –
such as grain elevators and lumber yards – and others sometimes confronting – such
as stockyards and abattoirs (Cronon, 1992). This was accompanied by changes to
the surrounding regions. Primarily natural around 1820, it became progressively
more dominated by agriculture. By 1840 around 83% of the working population
was in agriculture and 13% in food manufacturing (INAS, CAS, et al., 2001). It
was the centre of the nation’s grain production and, by 1862, was also recognised
as the national centre for meatpacking. From 1900 onwards, Chicago’s growing urban footprint and changes in the regional economy resulted in reduced emphasis on
agriculture. While meatpacking was the largest employer it was losing its foothold
and a period of gradual decoupling between the city and it hinterland began. Where
the local region once provided raw products which were processed in the city, heavy
industry started to dominate the economy and raw products were transported from
further afield (INAS, CAS, et al., 2001). By 1930 only about 2% worked in agriculture, about one-third in manufacturing and two-thirds in the tertiary sector.
However, once again, innovative technological solutions in intensive farming rose to
the challenge and a 14% reduction in crop area was accompanied by almost 27%
increase in productivity (INAS, CAS, et al., 2001).
This short account of Chicago’s development and rise to the industrial capital of
America indicate its main sources of attraction2 . These include:

2

While all are suggested in the given account, some become more apparent in following discus-

sion.
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 Locational advantage;
 Ever-improving transport and communications accessibility;
 Growth as a regional hub;
 Recognition as a commercial epicentre;
 Source of major investment opportunities;
 “City of the future” status as a global technological leader;
 Ongoing development fuelling demand for new workers;
 Potential in-migration “chain” effect with critical mass of migrants; and
 Effects of certain historical events, to be discussed next.

2.1.1.2

Historical moments

Three moments in Chicago’s history are selected as important pivotal points leading
to dramatic change.
The first is the cluster of events that occurred in 1848 – not all having immediate
effect. The year marked the completion of two of Chicago’s earliest engineering
marvels – the Illinois & Michigan Canal and the Galena & Chicago Union Railroad
(Grant, 2005) – with commercial benefits already noted. This coincided with the
California gold rush, creating demand for railways to extend westward. It also marks
the start of mass Mexican migration to the U.S., firstly in response to the discovery
of gold and secondly by the end of the Mexican War in which half of its territory was
surrendered (Escamilla-Guerrero, 2018)3 . Meanwhile, cascading waves of revolution
were sweeping through much of Europe (and Latin America), triggering the first
tides of mass European migration to America. The dismantling of the monarchy
in the French Revolution was a major trigger in what Weyland (2009, p. 392)
refers to as a “tsunami of contention”. Autocratic regimes were overthrown and
replaced by fledgling republics and democracies. Austrian Chancellor Metternich
was forced to flee, leading to hopes of a united Germany and waves of rebellion in the
Italian states led to the retreat of Pope Pius IX from Rome (Curti, 1949). However,
revolutionary successes were short-lived. In the latter part of 1848 and much of
the following year liberalism was weakened and a reversal to previous conditions
was under way. The Frankfurt government and its promise of a united Germancy
had failed; Imperial Hungarian forces had gathered strength against the rebels and
the Hungarian republic was decimated by Austrian and Czarist Russian forces; and
French and Austrian forces paved the way for reinstallation of the papacy in Italy
3

The estimated 75% of population from those surrendered territories who chose to remain
became immigrants without having left home (Escamilla-Guerrero, 2018).
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(Curti, 1949). The result was tides of mostly German, Hungarian, Italian and Slovak
migrants – referred to as “the Forty-Eighters” – who were strongly drawn to cities
of emerging opportunity, of which Chicago was an exemplar, a decision facilitated
by the new railway connecting to “arrival” cities in the east.
The second pivotal year was 1871, the year of the “Great Fire”. Some 300 died,
over 100,000 people were left homeless, one-third of the city was devastated and costs
of property damage approached $200 million as department stores, warehouses and
hotels in the heart of the city were destroyed (Cronon, 1992). Despite this, the city
rebuilt at tremendous speed. While much of the CBD was annihilated, decentralisation of some of the important sources of commerce – such as its grain elevators,
lumber yards and stockyards – and the preservation of railway yards ensured rapid
economic recovery (Cronon, 1992). Affected business owners rebuilt quickly, supported by insurance and new investments from eastern states (Bruegmann, 2005;
Chicago Times, 1872). Temporary barracks were constructed for the homeless, but
the local Relief and Aid Society (2018 [1871]) argued these to be physically and
morally unhealthy. They submitted that hope could only be restored to the working families of Chicago’s emerging middle classes by the construction of single-family
cottages, of which over 8,000 were built on the city outskirts. Cronon (1992, p. 345)
describes the metaphor that propelled Chicago’s growth for the next few decades in
terms of “the city as phoenix”4 . As a result, the city that was already experiencing
rapid growth did so with renewed vigour and with a clean slate on which to reinvent
itself as the emerging city of the 20th century.
The final pivotal year for Chicago confirmed its re-emergence from the ashes of
the “Great Fire” as the epitome of Industrial Revolution civilisation, and succeeded
in doing so even during a time of national economic depression and protests by
farmers and workers. In 1893, Chicago hosted the World’s Columbian Exposition
having beaten New York, St Louis and Washington to the honour (Cronon, 1992).
Thirty-six countries exhibited their innovations, but the stage belonged to America and, specifically, Chicago’s role in its development. The Fair covered over 5
kms2 , divided into all aspects of human endeavour – e.g., agriculture, machinery,
transport, electricity, etc. The manufacturing hall alone was the largest structure
of its kind in the world. Newly developed incandescent lamps lit the exhibition in
a dazzling display of excess and the Ferris Wheel was invented to add to this showcase of technological might. Incorporating grand architectural visions directed by
local architect, Daniel Burnham, and landscape designs by Frederick Law Olmsted,
“White City” – as it came to be known – presented a unified optimistic statement
of urban form as representing the ultimate human condition – with more than 12
million visitors to this “much praised vision of urban life at its noblest and most
4

Only three years later, a second fire damaged areas south of the CBD; smaller and delivering less damage than the “Great Fire”, it nonetheless contributed to the reformation of the city
(Chicagology, n.d.).
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civilized” (Cronon, 1992, p. 342).
In summary, these important moments in history resulted in:
 Patterns of European in-migration;
 A designed reconstruction of both commercial and residential sectors; and
 The emergence of Chicago as the global epitome of urban form.

These contributed to unique patterns of spatial development, discussed next.
2.1.1.3

Spatial characteristics

Four highly interrelated attributes are discussed for their influence on the spatialisation of Chicago: transport, class, ethnicity/“race” and employment5 .
Transportation systems form arterial thoroughfares with long-term effect on the
urban organism – both morphologically and functionally. To the mid-1850s, Chicago
was extremely compact. Even rural industries such as stockyards were dispersed
within walkable distances throughout the city, with livestock driven through the
streets. In the 1850s, Chicago’s rise to railway capital of the world began in earnest,
growing from one in 1848 to ten in 1856 (Dreyfus, 1995). Newer railways began to
reflect national trends by including north-south axes, resulting in radial patterns
which would later determine the location of emergent suburbs. Industry was also
able to relocate, exemplified in 1864 by the proposed development of a unified stockyard south of city limits, serviced by a new rail link (Cronon, 1992). Later, these
avenues of accessibility would be expanded to include roads and highways, with car
ownership expanding from under 10,000 in 1910 to rates of new car ownership in
the order of 32,000 annually by end of the 1920s (Young, 2005). Spatial patterns of
both commuting and social structure became considerably more diffuse as a result
(Conzen, 2005).
Class structure was also evident in Chicago’s urban form. The presence of industry (factories, abattoirs, railway yards, etc.) within the urban landscape generated
two opposing forces on residential location for much of Chicago’s development. For
workers and their families, they were a source of employment and exerted a “pull”
effect. Most of these areas were overcrowded, unsanitary and impoverished. They
were also inexpensive and, as a result, this “pull” was also felt by new arrivals
with few resources. That is, they were often the point of entry for new working class
Chicagoans. The same attributes also exerted a residential “push” influence on those
who could afford to purchase their way out of such conditions. Thus, class-based
divisions were observable along spatial lines, as the working-class lived proximal to

5

Until a working definition of “race” is provided in chapter 11, a level of inherent ambiguity is
indicated by use of quotation marks.
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centralised industry and the more affluent lived further afield6 . These “push-pull”
factors created dynamic patterns of internal migration which will be returned to
in discussing early developments in Social Disorganisation Theory. Thus, although
poverty conspired to prevent easy out-migration from these inner-city areas, it also
motivated exodus where improving fortunes allowed. Chicago’s transformation to an
environment with ever more expansive urban footprint was accompanied by an exaggeration of these class-based spatial effects. In the face of two major urban planning
incidents which interrupted the “organic” growth of the city, patterns of class-based
spatiality proved resilient and, if anything, planning only accelerated their formation. The first of these events was the restructuring after the Great Fire of 1871.
The land value at the urban core soared, creating conditions reminiscent of the von
Thünen (1966 [1826]) thought experiment that resulted in the Central Place Theory
of competitive rent/transport pricing7 . Escalating land values in the downtown area
saw residences displaced in favour of commercial premises, and encouraged urban
densification of the core. Multi-storey buildings were constructed, leading to the
world’s first skyscrapers – well-established by the time of the World’s Columbian
Exposition. The population boom that accompanied reconstruction only intensified
the resulting patterns of spatial development. The centralised business district was
serviced by a now-extensive network of railway lines which facilitated commuting
and the development of “railway suburbs”. The suburbanisation of Chicago was
such a pre-eminent feature that it was stated that “Chicago, for its size, is more
given to suburbs than any other city in the world” (Clarke, 1873, p. 3). As if
its technological prowess, global transport status and commercial success were not
enough, suburbanisation catapulted regard for the emerging metropolis as one that
“will be the City of the Twentieth Century” (Butterworth, 1894, p. 113). The working class still lived in small residences surrounding workplaces and were still affected
by pollution and disease that came with density, poor sanitation and proximity to
industry. Suburbanisation belonged to the more affluent who fuelled the extraordinary growth of new suburbs (Cronon, 1992). The second interruption to “organic”
growth occurred in the form of the “Plan of Chicago”, released in 1909. Numerous
other development plans had preceded it, but none approached its scale (Smith,
2006). The “Plan of Chicago” was marketed as a necessary response to the burdens
emerging from Chicago’s very successes and tumultuous growth. Despite this stated
need to bring order to chaos, it should be noted that the Plan largely deflected social
and housing problems as issues that exceeded its mandate (McClendon, 2008), and
a number of criticisms of the Plan from a periodical called the Public accused it
of being largely for the self-interests of the Commercial Club (who published it) at
6

The idea of “bankers’ hours” arose from this emerging spatial divide, given the time required to
commute from isolated, quiet and relatively low-density districts to the bustling, noisy commercial
centre of downtown Chicago (Conzen, 2005)
7
In fact, Cronon (1992) compares periods of growth in Chicago to von Thünen’s model predictions.
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the expense of less affluent members of society (Smith, 2006). It was a plan commissioned by the elite and largely embraced by the middle-classes (Abbott, 2005).
It would also stand accused of emphasising cost-effectiveness over enduring effect,
and infrastructural developments that would attract further private investment over
focus on existing social problems (Smith, 2006). Many designed suburbs followed
the now-radial patterns of the railways allowing the upper echelons of the emerging
class structure to escape the urbanising core. These “railway suburbs” were carefully designed by renowned landscape architects – notably, Frederick Law Olmsted
– located on large blocks in sweeping streetscapes wrapped in impressive areas of
public green-space. The uptake of automobile ownership exacerbated the spatial
class divide, and also changed its morphology. While central Chicago was forced to
respond to new patterns of commuting with the provision of car parking – and with
the birth of the “rush hour” – residential expansion provided the opportunity for
commercial and entertainment facilities to decentralise. The automobile permitted
more diffuse patterns of suburbanisation, where previously it exhibited radial development based on rail access (Conzen, 2005). This facilitated further spatial dispersal
of residences and the emergence of industrial satellites (Bruegmann, 2005), all the
while further reflecting and reinforcing the relevance of class and “race” in spatial
terms.
Successive waves of immigration ensured that ethnicity and “race” impacted
strongly on the development of Chicago, not the least due to the spatial dimensionality it assumed. This is outlined in terms of the spatial effects of European,
African-American and Mexican migration8 .
Many European migrants formed communities that reflected the characteristics
and values of their homeland9 . This was often indicated by local nomenclature mapping a quilt of immigrant communities, e.g., Polish Chicago or “Polonia” (Pacyga,
1981; Schneider, 2014), Czech Chicago or “Prague” (Cozine, 2005) and “the Greek
Delta” and “Greektown” (Kopan, 1995). Such communities not only represented
demographic clustering but the collocation of residential, cultural and commercial
sectors in what Li (2009) refers to as “ethnoburbs”. With shared language, customs
and cultural identities they demonstrated various degrees of self-containment in the
form of schools, markets, religious institutions, newspapers, etc. They also served as
a platform by which members of the local community sought involvement in various

8

Chicago was an immigrant “gateway” city, with a history of immigration spanning its existence. The account provided here summarises the results of the first large wave of immigration
from mid-19th century to around 1920, roughly corresponding the what Hatton and Williamson
(1998) refer to as the “Age of Mass Migration”.
9
In discussing the existence of migrant communities, past tense is used in keeping with the
historical focus of this section. The resilience of these communities is worth noting, however, as
many of them still exist.
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aspects of the broader host society, including political office10 . Some communities
were of mixed ethnicity, such as Scandinavian communities which included Danes,
Swedes and Norwegians based on cultural and linguistic similarities (Lovoll, 1992).
An important spatial characteristic of ethnic communities was their capacity for
mobility. For example, “Polonia” moved from central Chicago to the suburbs. More
generally, many European ethnic populations were highly mobile with a tendency
to decentralise and suburbanise. For example, in the latter decades of the 19th century, new Polish immigrants were observed to move initially to central locations –
including new Polish communities just outside the CBD – and transition to suburban communities as increasing levels of affluence permitted (Schneider, 2014). This
pattern is also evident in other populations (Bruegmann, 2006) – e.g., in studies of
Czech (Cozine, 2005) and Greek (Kopan, 1995) communities in Chicago – and is indicative of the complex interplay of spatial forces relating to class mobility, transport
corridors, decentralisation of industry and “racial”/ethnic cohesiveness11 . Another
factor in the mobility of ethnic communities was the displacement by the arrival of
other ethnic groups – such as the Scandinavian neighbourhood around Milwaukee
Avenue which was abandoned to primarily Italian immigrants in the early 1900s
(Lovoll, 1992).
The abolition of slavery in 1865 saw the start of Black migration from the “old
south” to the north, attracted by improved economic prospects and the hope of
freedom from discrimination12 . The Black population of Chicago expanded from
around 4,000 in 1870 to 40,000 in 1910. Post-1914, additional “push” factors in the
south arose from severe problems in the agricultural economy and increasing levels
of discrimination13 ; as a result, the number of arrivals in the “Great Migration”
between 1916 and 1920 expanded to at least 50,000 (Manning, 2004). The rise in
numbers of Black residents was accompanied by a decline in race relations. Hopes
for improved outcomes were met by discrimination in employment, education, housing and – in what Shrestha et al. (2003) refer to as the “American paradox” – Black
migration in search of greater freedom from discrimination resulted in the spread

10

The sense of cohesion suggested by this account is necessary for such communities to exist and
establish identity. However, it does not preclude the existence of divisive elements. For example,
Pacyga (1981) describes religious and political rivalries in “Polonia” that spread into the streets
at various stages.
11
In more recent times, this radial progression is replaced by increased numbers of new arrivals
migrating directly to established non-central and suburban communities (Panel on the Integration
of Immigrants into American Society, 2015; Schneider, 2014).
12
Although both are used, “Black” is given preference as a generic term over the more specific
“African American”, in accordance with decisions presented in chapter 11.
13
The interested reader is directed to Black Reconstruction in America by Du Bois (2013 [1935])
for an informed account of how a campaign of manipulation of the law and total disregard of it
ensured that Black workers in the south continued to be enslaved such that the “civil war in the
South began again – indeed had never ceased” (p. 679).

29

CHAPTER 2. SDT

2.1. Historical context

of overt racism in northern cities14 . This was manifest in the segregation of Black
communities, increasingly concentrated in Chicago’s South Side in an area identified as the “Black Belt”, with limited alternative housing options (Manning, 2004).
Whereas European immigration established a number of distinct ethnic enclaves in
Chicago, these were not segregated with the starkness that would come to characterise Black communities. Some relief occurred in the 1920s with improved economic
status, the development of an upwardly mobile class structure in Black communities,
political representation and greater spatial permeability of the urban fabric for Black
residents (Manning, 2004). Blacks also exhibited patterns of internal migration in
response to social mobility (Chicago Commission on Race Relations, 1922), similar
to that of other migrant groups. The boundaries of the “Black Belt” would expand, and some residents would migrate to satellite neighbourhoods (Reed, 2014).
Nevertheless, Black communities largely remained strongly segregated through to
contemporary times.
Mexican migration to Chicago played an important role in the shifting demographics of the metropolis. It began in 1848 with the end of the Mexican War and
became more pronounced in the 1910s as a result of the Mexican Revolution and,
later, the Cristero War (Innis-Jiménez, 2013). Mexican immigrants found much of
the available housing owned by members of other migrant groups. Accommodation
was not only under-par and over-priced, but was often rented at inflated rates for
Mexican immigrants (Arredondo & Vaillant, 2004). The early Mexican migrant population consisted primarily of young, male labourers – often itinerant – who lived
in small enclaves (or “colonias”) amongst Polish and Italian communities15 . Mexican migrants often moved between industries and regions. However, this pattern of
circular migration required a core of sedentary members of the community – often
middle-class business owners – who helped negotiate between new immigrants and
the existing community. In this way, Mexican communities became a stable cultural
platform for new arrivals which was every bit as important as links to the homeland
(Morales, 2016). The later arrival of more women to the colonias saw them expand
and assume unique identities, complete with restaurants, markets, factories, local
Mexican newspapers and social organisations (Arredondo & Vaillant, 2004). While
culturally and linguistically distinct – and clustered in the west and south sides of
Chicago – such communities never suffered the same degree of segregation as Black
neighbourhoods.
14

Legalised segregation, such as that imposed by Jim Crow laws, is often referred to as de
jure segregation, whereas many of these practices were informally applied – known as de facto
segregation. It was often the Black experience that as the former was relaxed the latter gathered
strength.
15
As an indication of scale, the numbers of Mexican workers crossing the border into the US
in 1908 alone was between 60,000 to 100,000 (Clarke, 1908). With various factors contributing to
a reduction in the availability of other immigrant populations that could be exploited for cheap
labour, Mexican workers were in high demand. Chicago, with its ongoing developments fuelling a
hunger for labourers, attracted many of them.
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Finally, employment contributed to spatial aspects in the development of Chicago.
With working-class individuals and families living proximal to industry, the nature
of the work would often exert impact on the spatial structure of the city. For example, Irish workers contributed significantly to canal construction, settled along
the canal routes and formed enclaves which still exist (Cowan, 2015; Dunne, 1987).
The situation was similar with railway projects. Earlier initiatives heavily employed
Irish and German migrant workers, many of whom bought land and settled along the
routes (Cowan, 2015). Later projects employed Mexican labourers who often lived
in boxcars along the tracks which suited the highly mobile workforce (Arredondo
& Vaillant, 2004; Morales, 2016) but did not result in permanent settlement along
rail lines. However, other heavy employers of Mexican immigrants – such as meatpacking and steel industries – saw Mexican neighbourhoods grow in their shadows
(Morales, 2016). This spatial relationship between industry and specific migrant
groups was frequently observed. Other examples include lumber-yards and the
Czech community of Pilsen (Cozine, 2005), and the mercantile interests of Greek
immigrants and the proximity of the “Greek Delta” to wholesale markets (Kopan,
1995). The industrial and economic successes of Chicago were fuelled by a continual influx of migrants which simultaneously contributed to patterns of segregation
amidst city-wide diversity (Waldinger & Lee, 2001).
Thus, spatial characteristics of Chicago reflected:
 Patterns of accessibility from developing transport systems, ultimately be-

coming avenues for diffusion;
 Increased rates of in-immigration, facilitated by improving transport efficien-

cies;
 Population diffusion occurring along ethnic, “racial” and class lines;
 Enduring patterns of higher levels of segregation for Black residents over other

groups;
 “Push-pull” factors, especially in the urban core, resulting in patterns of

internal migration; and
 Ethnicity-specific employment affecting demographics of residential areas

proximal to industry.
2.1.1.4

Rapid population growth

This brief discussion outlines the population growth of Chicago (with its burgeoning
urban footprint left as implied).
Figure 2.2 summarises Chicago’s population growth in the three decades from
1830. With a population of 4,470 in 1840 and 112,172 in 1860, Chicago moved from
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92nd most-populous urban area in the U.S. to ninth in just two decades16 .
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Figure 2.2: Early population growth in Chicago, 1830-1860
This early boom period corresponded to factors previously noted – infrastructural developments, associated employment opportunities, transport links to the
east coast and also to global events of 1848 which prompted a prolonged period
of mass immigration. Affordable construction techniques in the 1850s supported a
massive housing boom over the next 15 years or so, unlike anything experienced in
the US (Dreyfus, 1995).
Figure 2.3 indicates population growth in Chicago to 1940; it is apparent that the
early days of rapid growth evident in figure 2.2 are masked by even more dramatic
population increase.
By 1890 the population had more than doubled from a decade prior to exceed
a million residents (Smith, 2006), making Chicago the second most populous urban
area in the US. It further increased to almost 1.7 million by 1900, a quadrupling in
only 25 years (Adler, 2006).
2.1.1.5

Social problems

Chicago’s rise to the most industrialised and second most populous city in the country was accompanied by rapid growth, population heterogeneity, areas of concentrated disadvantage and increased levels of crime. While its hosting of the World’s
Columbian Exposition in 1893 was a triumphant success that cemented Chicago’s
16

The two decades to 1860 are Chicago’s greatest periods of relative growth since its incorporation in 1837 – over 670% in the decade to 1850 and over 374% in the decade to 1860.
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Figure 2.3: Population growth in Chicago, 1830-1940
status as a flagship city, it was also emerging as a city of stark contrasts. Amidst
the glory that placed it on the world stage there was pollution (from industry and
public sanitation), large tracts of railway that dissected and isolated parts of the
city, constant traffic congestion, noise, civil unrest, and areas of substantial underdevelopment and growing social dysfunction (Smith, 2006).
With respect to crime, Chicago attracted more than its share of critics. Even in
the early days of rail, vandals were accused of destruction of railway signals and endangering public safety (Dreyfus, 1995). However, by the turn of the century crime
– and particularly violence – was reported as a persistent issue (e.g., McWeeny,
1913; Sims, 1922; Steffens, 1903; Willbach, 1941). As one journalist bluntly stated,
“Chicago, in the mind of the country, stands preeminently notorious for violent
crime” (Turner, 1907, p. 575). It was common practice to explain violence in
terms of working-class mentalities, evolutionary deficiencies or psychological shortfalls; again, Turner (1907, p. 590) makes the point:
The murders of Chicago are generally personal matters between the savages. The great exception, of course, is when the savage, in his attacks
on members outside his class, finds it necessary or advisable to kill his
prey.
While the validity of assertions of rampant crime and violence were also questioned
(e.g. Abbott, 1922; Thrasher, 1927), the predominant view was that Chicago was a
city with a significant crime problem.
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Population heterogeneity – and immigration itself – was upheld as a potential
source of crime and a social problem unto itself. An urban crisis was afoot, albeit
one partially masked by the city’s overwhelming successes. It had attracted a tide
of migration which pushed resources to the limit and further polarised the city
in terms of ethnicity and wealth (Abbott, 2005). Furthermore, the disparity was
spatialised. Areas of the city were home to a population cast into poverty, and classbased violence was not unexpected. Fanning (1978, p. 4) states that this segregated
heterogeneity denied a means of cooperation between its residents, and that the
city’s residential backcloth
. . . the places where her people lived . . . was hopelessly fragmented, divided against itself. Chicagoans lived on a confused checker-board of
mutually distrustful ethnic and economic enclaves, whose boundaries
were constantly shifting with the tides of immigration and fortune.
The “Plan of Chicago” was marketed partly as a response to such fears, containing
the following introduction (Burnham & Bennett, 1909, p. 1):
Chicago . . . realizes that the time has come to bring order out of the
chaos incident to rapid growth, and especially to the influx of people of
many nationalities without common traditions or habits of life.
Responses were varied and included technological solutions to problems of sanitation
and transport congestion, consolidation of local authorities for planning purposes,
and reform agendas which sowed the seeds for future state welfare services (Abbott,
2005). An important example of the latter was the “settlement house” movement.
In response to marginalised sections of the population – ethnic minorities, women
and many workers – the first of these was established in Chicago by Jane Addams
in 1889 before spreading to other cities in the US (Vaughan, 2018). These were
secular social reformist organisations with practical solutions to problems of the
day, including child-care, evening educational programmes, library access and free
healthcare. Social work was a burgeoning industry, attracting many women, and
Hull House employed graduates who often lived on premises and lived the experiences
of their clients.
In summary, Chicago’s social problems:
 were partly a product of its successes;
 were attributed to issues of “race”, ethnicity and class;
 were attributed to a spatially fragmented landscape; and
 prompted responses which included community-level social reform organisa-

tions such as Hull House.
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Spatial methods

This second influential contributor to the context within which SDT developed follows a trail of historical progression in spatial analysis from Europe to the US, with
mapping as the focus. Discussion is confined to the more influential developments
and those which will prove relevant to the methods of the Chicago School of sociology
and Social Disorganisation Theory17 .
Demographics and the counting of “social numbers” extends back to at least
the 1600s in England. However, such accounting did not incorporate a clear understanding of space. In France, a number of conditions prompted the need for spatial
data (Friendly, 2007):
1. A rapid increase in population and poverty in post-Napoleonic times, which
was presumed to cause . . .
2. an increase in rates of crime — especially in the growing metropolis of Paris
— which led to . . .
3. an inability to manage the crime surge, prompting . . .
4. a need to understand criminality, resulting in . . .
5. a decision to create a centralised quarterly data set, published annually from
1827 (Ministere de la Justice, 2010 [1827–1919]).
Notable users of such datasets include French lawyer / amateur statistician, AndréMichel Guerry, and Venetian geographer, Adriano Balbi (Balbi & Guerry, 1829;
Guerry, 1833), as well as Belgian mathematician / astronomer, Adolphe Quetelet
(1984 [1831]).
Guerry and Balbi used the “moral statistics” datasets (including crimes against
property, crimes against persons, educational attainment, suicides, wealth, etc.)
aggregated to large French jurisdictional areas known as “départements”. Crime
was revealed to exhibit a spatial dimension varying across space – and co-varying
with other variables. These studies are thought to be the first to consider the
spatial relationship between crime and other “moral statistics” (Friendly, 2007).
One unexpected relationship of particular interest was evidence of positive spatial
correlation between incidences of property crime and levels of educational attainment
(Balbi & Guerry, 1829)18 . These outcomes can be seen in figure 2.4.
Quetelet compared the spatial distribution of crime with biological factors such
17

Sources for further examples and greater depth include Weisburd, Bruinsma, and Bernasco
(2009) and Vaughan (2018).
18
Reflecting the pivotal role of such researchers in the development of spatial approaches to
criminology, their data are still employed for their historically relevant pedagogical value; as one
example, the data used by Guerry (1833) have been packaged and made available for R by Friendly
and Dray (2020).
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Figure 2.4 has been removed from this version of the Thesis for Copyright
reasons.

Figure 2.4: Maps from Balbi and Guerry (1829): Top-left = Crimes against
persons; top right = Crimes against property; Bottom = Educational attainment.
Darker = “worse” (more crime or reduced education)
as age and gender, and social factors such as education, poverty, ethnicity and
use of alcohol. He, too, noted variations in the spatial distribution of crime and
observed spatially co-varying data that challenged conventional wisdom. One such
observation was that the poorest areas exhibited lowest levels of crime (Beirne,
1987). This prompted a revision of the relationship between poverty and crime
which introduced the additional concept of relative disadvantage; that is, crime is
still mostly associated with the poor but in only in conditions when those in poverty
are proximal to the wealth denied them (Quetelet, 1984 [1831]).
The results of research on the “moral statistics” of the French datasets shook
widespread assumptions about the relationship between crime and various social conditions, which reinforced emerging public confidence in the capacity of the new social
sciences to address important societal problems (Weisburd, Bruinsma, & Bernasco,
2009). The incorporation of mapping in the methodology of Balbi, Guerry and
Quetelet marks the birth of what is sometimes referred to as the “Cartographic
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School” of criminology (Courtright & Mutchnick, 2002; Lowman, 1986).
English figures in the “Cartographic School” are lesser known than their French
forerunners, but made significant contributions to spatial criminology. One is John
Glyde (1856a, 1856b) who examined the spatial nature of social and criminological
conditions in Suffolk County, unexpectedly finding higher rates of serious crime in
rural areas than townships. Glyde (1856a) is also credited with recognising that
larger geographic units could mask more localised spatial variations in crime. Another influential member of the “Cartographic School” is Henry Mayhew (1861) who
brought ecological research to studies of crime in London, but (unlike Guerry and
Quetelet) included detailed personal observations to supplement official statistics —
and concluded direct causal links between social issues such as poverty and crime.
Mayhew (1861, p. 273) attributed “the most baneful and degrading influences” as
propelling poverty-stricken youth into criminality.
Despite the important contributions in the mapping of crime delivered by the
“Cartographic School” – starting with the fundamental observation that crime exhibits spatial clustering and that these remain consistent over time – its lifespan
was brief (Courtright & Mutchnick, 2002). Weisburd and McEwen (2015) suggest
a number of reasons for the demise of thematic mapping so representative of this
short-lived but influential group, including the financial and time costs, the inherent difficulties in applying available techniques of analysis and the lack of adequate
theoretical framework.
However, much research was still informed by spatial analysis based on mapping
techniques, if at smaller scales and more defined scope. A noted example is Dr
John Snow’s mapping of the 1854 cholera outbreak in Soho19 . Figure 2.5 presents a
portion of of what is credited as Snow’s original map.
Snow’s use of point-based spatial data to locate cholera cases purportedly not
only allowed him to identify the source of the outbreak (the Broad Street water
pump, left of centre in figure 2.5) but to validate his existing arguments in favour
of unidentified microbes being responsible (Snow, 1849) over prevailing beliefs that
contagions were spread by decaying matter (miasmata, or “bad air”). Snow’s results
helped change the minds of miasmata advocates and elevated the status of “germ
theory”. The use of maps is so commonplace today that the ground-breaking impact
of its application is easily lost. Tufte (1997) describes the importance in terms of two
main methodological decisions. First, the original data (death certificates in date
order) represented one-dimensional time-series which did not favour causal analysis
in epidemiology. Snow recast the data into two-dimensional, spatial form and –
testing his theoretical framework for a microbial basis for disease communicability –
added 13 points representing locations of water pumps. Second, he also considered
the locations of the unaffected, which revealed both the brewery (where workers
19

As with the Guerry areal data, the historical relevance of the Snow point-based data is reflected
in its immortalisation for contemporary use, such as in the R package by Li (2019).
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Figure 2.5 has been removed from this version of the Thesis, and can be found
at the below link:
http://www.antiquemapsandprints.com/blog/2016/03/11/dr-john-snows
-maps-of-the-1854-broad-street-cholera-outbreak-in-soho
-london/

Figure 2.5: Part of Dr John Snow’s “dot map” of cholera outbreaks in Soho,
1854: This is claimed to be the original map using rectangles for affected residences
rather than the more familiar use of points (source: Antiqua Prints Gallery)
drank beer instead of water!) and the work house (which had an internal well).
Again, spatial methods – as fundamental as they may appear today – were innovative
approaches to analysis which delivered dramatic and unexpected results20 .
Still in London, the work of Charles Booth (1897 [1882]) – which appeared in 17
volumes – summarised 14 years of sociological research and included meticulously
articulated street-level “Maps Descriptive of London Poverty” (colloquially referred
to as the Booth “poverty maps”)21 . The maps include seven colour-coded classes
20

This universally disseminated account of John Snow’s mapping of cholera in Soho has been
challenged by McLeod (2000) on a number of fronts. One is the uncertainty as to which map was
used as a number of forms are presented as “the” map in the literature. Here it is proposed that
the rectangular plotting variant (figure 2.5) is the original, although the dot plotting variant (e.g.,
as presented by Weisburd & McEwen, 2015) conforms better to expectations of points in space.
A more interesting challenge relates to how Snow identified the Broad Street pump as the source
of the contamination. The map, it is suggested, may not have been the analytical tool that it is
widely recognised as being, but was developed for supporting a presentation of his argument. The
description given by Tufte (1997) would seem to refute this challenge. However, even accepting the
proposal that the map played a supportive role still speaks to its capacity as a data visualisation
tool.
21
Interactive digitised versions are available online courtesy of the LSE Library’s Charles Booth
archive (London School of Economics, 2016).
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with the poorest designated “Lowest class. Vicious, semi-criminal” and, at the
other extreme, upper-middle and upper classes22 . Poverty was not explored merely
with respect to income, but included variables such as educational attainment and
overcrowding. Like all of those mentioned in this section, Booth has been universally
recognised as a prominent contributor to his field; unlike those others, however,
Booth’s use of spatial analysis in achieving his successes has been largely overlooked
(Vaughan, 2018)23 . Again, mapping helped establish outcomes which were contrary
to widely held views at the time, validating the methodology for its ability to uncover
social facts. One result was that the East End, assumed to be demographically
uniform, was considerably more varied than believed – allaying fears that the working
poor were poised to cause social upheaval. As was the case with developments in
Chicago, Booth’s maps revealed that the railways not only provided a means for the
affluent to escape the conditions of the inner city, but also defined the territorial
layout of the poor and contributed to the noise and filth of their environment. In
the layout of railway lines and of streets, Booth’s analyses established relationships
between social conditions and urban form and his social-reform agenda included
clear advice for variations to that form.
Booth’s work in London was one of the direct influences on the use of maps
in the spatial analysis of social conditions in the US (Vaughan, 2018), occurring
towards the end of the 19th century. Chicago was the location for much of this
early work, for reasons already presented. An important example is that of Jane
Addams and the residents of Hull House (1895) as published in Hull House Maps
and Papers: A presentation of Nationalities and Wages in a Congested District of
Chicago, together with Comments and Essays on Problems growing out of the Social
Conditions 24 . Hull House focused on improving the conditions of women, labourers
and migrants in the community, and maps included social conditions, ethnicity,
settlements, labour unions, etc. (Deegan, 2004). The research component of Hull
House activities was clearly aligned to their reformist agenda. As Deegan (2004, p.
386) observes:
The use of mapping by Hull House residents was radically different from
its scholarly use by white male sociologists of the Chicago school. The
academics’ maps revealed the lives of the people of the neighborhood to
an audience of experts and decision makers. The Hull House maps revealed to the people of the neighborhood that their lifestyles had patterns
and implications that could be used to make more-informed decisions
about community issues and interests.
22

Note that in this context “vicious” refers to “vice”, not violence.
Of note, Vaughan (2018) suggests that one of the reasons why this continues to be true is the
bifurcation between spatial and social sciences. In a thesis where these themes are united, this is
one (of many) reasons why this chapter embraces a contextualisation of SDT rather than a simple,
isolated statement of its defining characteristics.
24
A sample map from Hull House Maps and Papers is reproduced in figure P.1 in appendix P.
23
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The work of Hull House became the model for numerous other American studies, not
the least of which was that of W.E.B. Du Bois (1899), whose compelling studies of
Black residents in Philadelphia linked the urban environment, poverty and minority
populations in work that is still hailed as essential reading in race consciousness25 .
His work is often regarded as one of the earliest sociological studies and combines
ethnographic methods with quantitative ones, including colour-coded street-level
mapping reminiscent of Booth’s work. Also similar to Booth, the lowest rung on
the ladder of social classes is reserved for the criminal element. These comprised a
mere 6% of the Black population under study despite widespread prejudices which
assumed much higher levels of criminality in the Black community. Of interest to
discussions to follow on the Chicago School’s ecological models of transition zones
is DuBois’ comments on population dynamics within well-defined urban structures
(Du Bois, 1899, p. 82):
The new immigrants usually settle in pretty well-defined localities in or
near the slums. . . This mingling swells the apparent size of many slum
districts, and at the same time screens the real criminals. . . Even when
the new immigrants seek better districts. . . they find themselves hemmed
in between the slums and the decent sections. . .
The final individual to be given mention in terms of their influential contributions
to spatial analysis is Charles (Chas) Bushnell (1901), who completed a number
of highly detailed studies on the spatial distribution of physical, social and racial
conditions of areas in Chicago, including the mapping of areas that showed strong
collocation of the largest Chicago industries to child mortality, overcrowding, foreignborn population, poor sanitation, criminality, ignorance and economic distress26 .
By the end of the 19th century three issues in spatial analysis that would later
become fundamental to environmental criminology had already been established by
work such as that described above (Taylor, 2001):
 Rates of crime exhibit spatial variation, and this is evident regardless of scale;
 The spatial variation in crime is persistent irrespective of certain changes

(e.g., to population, urban structures, etc.) — although perhaps a more
cautious phrasing would state that there is a buffer against change affecting
this variation; and
 The patterns are not always as expected or predictable — such as higher

crime rates in rural areas.

25

Of interest to research outcomes presented in chapter 11, Du Bois is one of the early voices
in articulating the idea of “race” as a social construct.
26
One of these maps is presented in figure P.2 in appendix P.
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Sociology of deviance

The final prong to this tripartite coalition of historical influences on the context from
which SDT grew is development of the sociology of deviance. The birth of criminology is typically rooted in classical traditions of the 18th century and associated
with reformists such as Cesare Beccaria. Classical criminology uprooted views of
crime such as those that invoked spirits as causal agents and divine guidance as jury.
Foundations of classical criminology include that individuals: (i) are rational actors
with free will and have the capacity to choose right from wrong; (ii) have rights;
(iii) have responsibilities in the form of a “social contract” with society; and (iv) are
pleasure-seekers and pain-avoiders (i.e., act according to self-interest). This leads to
pragmatic outcomes which are still evident in contemporary law, such as “crimes”
being defined as transgressions against the social contract, that innocence is assumed until guilt is established, that criminals and non-criminals are not inherently
different bar the commission of a crime, and in deterrent theories of punishment
where penalties that exceed gains are intended to provoke rational choices against
participation in crime.
Sociology as a scientific discipline is often attributed to Quetelet’s “social physics”
– or physique sociale (Quetelet, 1835) – and his use of statistics in explaining societal
behaviour27 . The ongoing successes in quantitative methods – partially outlined in
section 2.1.2 with respect to spatial developments – helped propel criminology into
an era when positivism prevailed over classicism. Quetelet was, again, pivotal28 .
In a social sciences context, positivism proposes that knowledge be defined objectively, by that which can be scientifically measured and validated. Sociology’s
alignment with scientific advances during the 18th and 19th centuries is evident in
the search for “mechanics” of behaviour, the “physics” of societal interactions and
“laws” that govern the social realm29 . Quetelet’s observations of systematic spatial
non-randomness and stability within these patterns of spatial variation supported
assertions that social actions were manifestations of social laws similar to the laws
of physics (Friendly, 2007). This objective view of society leads to one of the pillars
of positivist criminology: the assertion that distinctively criminal characteristics exist – as opposed to voluntaristic views of criminal behaviour proposed by classical
criminology. This provides the basis for identifying individuals who are “criminals”
27

An alternative attribution is to Auguste Comte (1798–1857). However, Jahoda (2015) describes the circumstances as follows. Comte coined the term “social physics” but did not employ
quantitative methods in his research. Quetelet’s later adoption of the term integrated with quantitative methodologies gained traction, causing Comte to abandon “social physics” for fear of being
accused of mimicry and also in protest of the statistical emphasis it had garnered. Comte then
proposed the term “sociologie” in its place. Nevertheless, Quetelet regarded the scientific study
of society as demanding statistical methods and, therefore, saw himself as a founding member of
sociology, a view supported by other pioneers in the emerging discipline.
28
For a more nuanced account of the rise of positivist criminology, refer to that of Beirne (1991).
29
For example, Comte – the oft-credited “founder” of sociology – drew inspiration from Newton’s
law of gravity as a basis for leveraging a positivist sociology.
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versus “non-criminals”, so evident in the inclusion of criminal classes in much of
the mapping discussed in section 2.1.2. With “the criminal” identifiable and able
to be diagnosed, the machinations responsible for their pathology are varied. The
pathology may be individual where biological, psychological or personal deficiencies
are responsible. Crime is thereby regarded as aberrant, requiring treatment in the
form of therapy, medication and behavioural modification. Where the pathology is
social, causes are attributed to environmental factors: economic, social, political,
etc. From this perspective, crime is inherent to the social condition, capable of being addressed by social reform – although never entirely eradicated. Nevertheless,
a difference between classical and positivist schools is that the latter’s emphasis on
causality leads to crime-reduction propositions aimed at addressing causal factors
in criminality rather than punitive options. This occurs since the classical proposal
that rational actors may be deterred from criminal behaviour is uprooted by the
positivism’s demotion of “choice” in the criminal act.
Criminology flourished in the light of positivism. The classical idea of rational
choice was diminished by findings of the “Cartographic School” due to consistent
results in the spatial non-uniformity of crime. The persistence of higher-crime areas
suggested forces at work beyond those which could be explained by rational actors
and free will30 .
An important point of difference between classical and positivist traditions of
criminology lies in the very focus of interest. The concept of the rational actor in
classical criminology results in a focus on “crime” as defined as a breach of the legal
code. Individuals may exert their capacity for free will in accordance with their social
contract and to the point that it violates defined laws. Influences on that breach of
contract are irrelevant: the criminal act – not the circumstances associated with it
– are the issue of concern. Instead of crime, positivist criminology focuses instead
on “deviance”. While “crime” is still defined in terms of the law, “deviance” refers
to that which is socially unacceptable. Thus, a criminal act may not necessarily
be deviant, just as a deviant act need not be criminal. The subtle relationship to
objectivity in this construct lies in the positivist belief that societal values may be
scientifically derived and, from this base point, deviation may be measured.
Inevitably, this discussion turns to the work of Èmile Durkheim, who developed
Quetelet’s conceptual and statistical foundations to mould a positivist sociology that
embodied methodological rigour (Jahoda, 2015). In his published doctoral thesis,
De La Division du Travail Social (“The Division of Labor in Society”), Durkheim
30

Note that while this non-uniformity requires little additional clarification in the case of social
positivism, it may also apply in the case of individual positivist branches of criminology. The
suggested link between lead exposure and violence (Feigenbaum & Muller, 2016) would be an
example. If spatial patterns are observed for lead, and if there is merit in the proposition that
exposure to lead is a causal agent in crime, then a spatial pattern of crime may be expected. In
this case, the causal link may be biological rather than sociological. However, the effect is still
ecological and the etiology still a case study in positivism.
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(1997 [1893]) posited a chain of causality associated with transition from agrarian to
industrialised society, which resulted in highly specified divisions of labour, leading
to a weakening of “collective conscience” (shared morals and norms), leading to
“anomie” – the loss of effectiveness of social regulatory mechanisms responsible for
social cohesion. Anomie is commonly described as “normlessness” – which suffices
for current purposes despite lacking some of the finesse of Durkheimian use of the
concept31 . Subtle differences in meaning cast aside, Durkheim was the first to apply
the word in a sociological context and popularised it to the extent that it is widely
regarded as a concept originating with Durkheim and adapted by future studies
in the sociology of deviance, such as those of Robert K. Merton. In the context
of division of labour, anomie is an inherent by-product of increased specialisation
in industrialising economies, such that individuals performing different tasks lacked
relationship to the product of their labours.
One of the major contributions to sociology is Le Suicide, in which Durkheim
(1951 [1897]) demonstrates that the apparently highly individual act of voluntarily
ending one’s own life is presented as subject to social forces32 . In these terms,
suicide emerges as a “social fact”. “Social facts” are (formal or informal) social
mechanisms that constrain the options available to the individual – a clear departure
from classical visions of free will. Deviance is another example of a “social fact”.
Although Durkheim did not directly link anomie to deviance, the logic presented
in Le Suicide helped shift apparently individualistic actions to the realm of “social
facts”, and many important – and varied – schools of criminological thought are
derived from Durkeim’s contributions (Bohm & Vogel, 2011). As a functionalist –
one who proceeds from the belief that all social mechanics play a role in satisfying
various needs of the social organism – Durkheim’s view of deviance was that it served
broader purposes such as reinforcing social solidarity and norms in the “collective
conscience”.
Durkeim’s contributions to criminology are largely indirect, but principally include: (i) the role of anomic conditions; (ii) a functionalist view of deviance; (iii) the
role of “social facts” and the shift from the assumption that social behaviour is but
an aggregation of individual behaviours; and (iv) the use of quantitative methods.
31

Durkheim borrowed the word “anomie” from French moral philosopher Jean-Marie Guyau
(who, in turn, had borrowed the term from the ancient Greek anomia where it refers to absence of
rules). A cursory discussion of the concept inevitably does it no justice. Not only is it subtly variant
in usage, but Durkheim proposes a typology of anomic conditions. Furthermore, its relevance
is confounded by the observation that while the term continued on its sociological trajectory,
Durkheim (and his followers) ceased all reference to the concept from 1901 onwards. As Besnard
(2001, p. 510) notes, “anomie came to be considered the sociological concept par excellence,
despite (or because of) the semantic confusion surrounding it”. The evolution of the concept is
covered by Besnard (2001) and Deflem (2015).
32
It was also one of the first studies in sociology to be directly influenced by Quetelet’s thinking,
including his use of the “mathematics of society” (Porter, 1986, in Jahoda, 2015). Ironically,
despite direct acknowledgement of Quetelet’s influences, in sociology Durkheim is remembered
for his contributions to quantitative methods while Quetelet is almost entirely forgotten (Jahoda,
2015).
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Summarising the main issues in the sociology of deviance:
 Unanticipated outcomes in spatial analysis helped reinforce a positivist basis

for sociological thought;
 Positivism countered classical views by diminishing the role of voluntaristic

criminal behaviour;
 Durkheim’s “social facts” – as socially imposed constraints on individual

choices – and the “collective consciousness” – as a system of social norms –
reflected a shift in focus from the “rational actor” to the social environment;
and
 The social “whole” is greater than the sum of its individual “parts”.

2.2

Social Disorganisation Theory: Evolution

The thrust of this chapter is that reviewing the past provides the best approach for
understanding the present. Maintaining that theme, Social Disorganisation Theory
(SDT) is discussed in four historical phases: foundations, emergence, decline and
resurgence. These correspond to the following loose historical periods:
1. Pre-1930s: Foundational work in spatial analysis and in sociology, prior to
formalisation of the theory;
2. 1930s to end of WW-II : The emergence of the classical formulation of social
disorganisation as a criminological theory and a basis for empirical research;
3. Post-WW-II to the late 1970s: The theory languishes while alternative forces
come to play; and
4. Post-1980s: The theory is reformulated into a number of embellished versions
and inspires new empirical research.
A brief account of examples of SDT in contemporary research completes the section.

2.2.1

Social Disorganisation Theory (I) – Foundations

The foundations of SDT include the contextual factors already presented – dramatic
developments in the urbanisation of its birthplace in Chicago, accompanied by advances in spatial analysis and sociology of deviance. These factors coalesce in the
form of a final contextual element – the rise of the Chicago School of Sociology.
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Birth of the “Chicago School”

The University of Chicago – and America’s first school of sociology – was established
in 1892, following a decade in which the population of the city had more than
doubled (figure 2.3). The “Chicago School” would come to be associated with
some of the most prominent figures in sociological history33 . The Chicago School is
recognised for its ecological orientation to urban sociology (Stein, 1964), and from
the 1920s would come to be associated with the birth of an “American” school of
sociological thought. However, the Chicago School’s rise to academic prominence
and American identity was facilitated by continuity with transatlantic influences.
European developments in positivist approaches to spatial studies in criminology
were applied to crime-and-place issues in the Chicago environment, and there is a
poorly recognised trajectory of influence from Booth to Hull House to Du Bois to
the Chicago School and onwards (Vaughan, 2018). Also, it is noted that at least one
Chicago School academic, Florian Znaniecki, attended lectures by Durkheim in his
travels to Europe (Dulczewski, 1984) and other influential members (such as Robert
Park) travelled in Europe as part of early research in the School. Illuminating this
broad transatlantic influence is a largely unacknowledged example in the form of
evidence of the School’s ongoing access to a 51-volume German analysis of urban
Berlin from 1904-1909 known as Großstadt-Dokumente. This was translated by
Chicago School academic Louis Wirth, purchased in 1914 by the School, and various
volumes verified as checked out by a number of luminaries of the School including
Ernest Burgess and William Thomas (Jazbinsek et al., 2001). Despite its lack of
recognition, its influences are claimed as substantial34 .

33

It has been claimed that Louis Wirth, one of the many notable sociologists at the School,
questioned the sense of cohesiveness implied by the name “Chicago School”, stating that little
commonality existed, either conceptually or stylistically (Becker, 1999). This certainly appears
at odds with treatment of the Chicago School in the broader academic literature. However, the
statement is noted as a point of interest. The account presented here indicates developments in
the Chicago School relevant to SDT, without any indication from a review of the trail of historical
literature that the commonality suggested by this coverage is imposed. Additionally, contributions
of the Chicago School to the development of sociology have been attributed to its coherence as a
group (Tiryakian, 1979).
34
Jazbinsek et al. (2001, p. 22) found the influence of the Dokumente on the Chicago School so
profound that they claim
. . . the Großstadt-Dokumente served as a prototype of that research style which in
due time was to emerge as a trademark of the Chicago School: the collaborative
investigation of the urban landscape by a collective of authors. But [the] initial
idea underwent substantial changes in the course of its transatlantic migration. The
Chicago sociologists read the Dokumente with a view to reverse and “re-academicize”
the mélange of writing styles characteristically and, at least in part, consciously cultivated by the Berlin authors. In this, they followed two strategies: the combination
of ethnographic approaches to describing the city with quantitative approaches and
a reformulation of empirical data in the theoretical framework of human ecology.
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Social disorganisation

The defining work of the Chicago School may be considered as that which occurs
between WW-I and the mid-1930s (Abbott, 1997), with the first substantial publication being the five-volume study, The Polish Peasant in Europe and America by
Thomas and Znaniecki (1958 [1918-1920]). It has been suggested that important
aspects of this work – including methodological orientation – were influenced by
the Großstadt-Dokumente (Jazbinsek et al., 2001). Hailed as forging a methodological shift from theoretical to empirical emphasis, it set the scene for future research
(Bulmer, 1984). It also introduced Thomas and Znaniecki as early “social disorganisation” theorists. Through biographical sociology and content analysis (Stanley,
2010) they observe disorganisation and – resonating with Durkheim’s “social facts”
– declare it to be an issue of social circumstance rather than the individual.
Later, William Thomas would expand upon the concept of “social disorganisation” as a factor in the criminology of place, describing it as a “decrease of the
influence of existing social rules of behavior upon individual members of the group”
(Thomas, 1966 [1927], p. 1).
Relevant to urban studies – the focus of the next point of discussion – the striking
differences between the city and the rural communities from which many migrants
originated caused “disorganisation”, a largely traumatic experience whereby prior
social structures and norms would plunge into irrelevance. This forced a restructuring of these values as a matter of adaptation35 .
2.2.1.3

Themes in the development of urban sociology

Not unexpectedly, the foundational focus of the Chicago School was on issues which
most confronted the residents of the fast-changing metropolis from which the School
emerged. This inspired many ethnographic studies in addition to the Polish immigrant population of Thomas and Znaniecki (1958 [1918-1920]), such as the plight of
the urban homeless (Anderson, 1923), Chicago gangs (Thrasher, 1927) and urban
poor from the ghettos (Wirth, 1928). It also led to the development of a number
of interrelated themes which became representative of the School, five of which are
identified here.
The first of these themes might be credited as arising directly from the global
standing of Chicago as a technological powerhouse – namely, that the urban environment is the pinnacle of human achievement. A disciplinary demarcation existed
in which anthropology focussed on traditional (peasant or tribal) societies (Jerolmack, 2012) whereas sociology’s attention to industrialised, developed societies was
increasingly directed to “urbanism as a way of life” (also the title of a paper by
35

The work of Thomas and Znaniecki (1958 [1918-1920]) focused on Polish peasant immigrants
in exactly such circumstances, torn from an agricultural background and thrust into the world’s
most rapidly developing metropolis of the time. They treated this as the basis for such immigrants
developing Polish-American identity, distinct from Polish and from American alone.
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Louis Wirth, 1938). This demarcation was not purely academic, as the “civilising”
process implied evolutionary forces at work. Indeed, the Chicago School was influenced by Darwinian concepts of evolution as much as it was influenced by the work
of Durkheim. This is evident in the writings of Park (1915, p. 610) who stated that
we. . .
are brought into the world with all the passions, instincts, and appetites,
uncontrolled and undisciplined. Civilization, in the interests of the common welfare, demands the suppression sometimes, and the control always, of these wild, natural dispositions.
This sets the ground for appreciating his repeated statement that the city is “the
natural habitat of civilized man” (Park, 1967 [1925], p. 2).
The second urban theme characteristic of the Chicago School is the idea of the
city as an experiment. The concept is not entirely unprecedented, with reference to
social experiments being made by earlier researchers, including Comte and Quetelet
(Gross & Krohn, 2005). In Chicago, Jane Addams (1895) – of Hull House fame –
regarded the idea of a societal laboratory in reformist terms, whereby social change
occurred in response to feedback intended to improve conditions36 . As part of this
progressive view of evolutionary growth, her social experiments included encouraging university graduates to live in the poorest regions of the city and influence
local improvements. However, the concept is most typically credited to Robert Ezra
Park, epitomised by The City, edited by Park and Burgess (1967 [1925]). While
experiments in natural sciences are often regarded as exercises in hypothesis testing, isolated from social influence to preserve integrity, the approach of the Chicago
School may be described as one of “societal self-experimentation without a fixed
setting of a sociological experimenter” (Gross & Krohn, 2005, p. 63). Thus, the
idea of the city as an experiment is one whereby observations of a self-experimental
society provide theoretically relevant outcomes under conditions which are not artificially constrained by the researcher. As the highest form of human achievement
cities not only embodied the social institutions of interest to sociology but did so in
a highly dynamic, concentrated and spatially differentiated environment. The selfdifferentiating neighbourhoods in Chicago served as a social experiment, with the
conditions determined by external forces and the results of observation leading to
broad generalisations about the urban condition (Wilson, 1996). Possibly the most
representative example of this theme is the volume called Chicago: An Experiment
in Social Science Research, edited by Smith and White (1929) and presenting five
year’s worth of research in which Chicago was the “laboratory”. The adoption of this
experimental paradigm is strongly dependent on the idea that cities are the product
36

While retaining the concept, she later objected to the terminology as dehumanising (Addams,
1967 [1910]).
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of naturally occurring dynamic processes – which is the next thematic concept of
interest.
The third urban theme is that the city – its social structure and its urban form
– may be represented as an organic structure. This is variously discussed in terms
that liken the city to a super-organism or an ecological system. The attribution of
the city as fundamentally biotic was not new. Jessup Scott (1876, p. 6) had stated
that “. . . a city is an organism, springing from natural laws as inevitably as any other
organism, and governed, invariably, in its origin and growth, by these laws.” Such
views marry well with the idea of cities as the pinnacle of human endeavour, since
their evolution is in accordance with nature and, therefore, manifest as the grandest
expressions of natural (or divine) laws. Its development in the Chicago School is
attributed to Robert Ezra Park, who joined the faculty in 1914, and introduced
the term “human ecology” to refer to the city as a natural ecological system (e.g.,
Park, 1926; Park & Burgess, 1967 [1925], 1969 [1921]). Resonating with discussions
on the city as an experiment, “natural” here means “uncontrolled and undesigned”
(Joseph, 2008, p. 34). Park and Burgess (1967 [1925]) refer to “natural areas”
within the urban fabric — areas such as slums, business districts, satellite cities and
ethnic enclaves — which were not planned but rather the result of organic, symbiotic
relationships between social and physical structures. These areas emerge unplanned
in the process of urban evolution to serve particular functions, including the development of norms and mechanisms of social control for individuals and groups
within37 . As well as expansion of the urban footprint, functional aspects such as
evolving patterns of transport networks contribute to the ecological differentiation.
The spatial arrangement of the city reflects dynamics such as forces of equilibrium
and disturbance emerging from competitive forces similar to those found in plant
ecology (the analogy used by Park). In many ways these are epitomised by ethnic
enclaves, with their clear physical and cultural boundaries and their identifying sets
of norms, institutions and traditions – the result of natural, unplanned dynamics
such as economic forces (Zorbaugh, 2005 [1926]). The broad concept of an ecological basis for spatial differentiation segues into the following theme in which natural
areas are incorporated in a theoretical model.
The fourth urban-based theme of interest is the spatial model known as Concentric Zone Theory, first published by Burgess in The City (Park & Burgess, 1967
[1925])38 . Following Park’s ideas on human ecology, it represents a basis for under37

The Durkheimian influences on Park’s derivation of this concept relate to the specialised division of labour emergent from increasingly large and complex settlements in order to maintain the
functional whole. This is clearly an ecological concept in its own right, and relates directly to that
of “natural areas” and their interdependence within the larger “organism”. Darwinian influences
are also evident in related concepts which follow in Park’s accounts – namely, those relating to
competition for resources and ecological patterns of population dominance and succession.
38
Burgess’ model marks a cornerstone in the development of urban ecology, although it is worth
mentioning similar radial models preceded it, notably from economics (e.g., Hurd, 1924 [1905]; von
Thünen, 1966 [1826]).
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Figure 2.6 has been removed from this version of the Thesis for Copyright
reasons.

Figure 2.6: Map of concentric zones in Chicago, according to Burgess (1967
[1925], Chart II, “Urban Areas, p.55)
standing the expansion and differentiation of the highly dynamic city. Appreciating
the formation of the urban core as the centre of concentric zones indicates how
the model might represent ecological processes. Many cities at the time, Chicago
included, used rail and water for heavy transport. As a result, economic forces associated with the transportation and slaughtering of livestock dictated that slaughterhouses are best located where water and rail converge, typically near the city centre
(Taylor, 2001). Burgess’ model extended such thinking, and used Chicago housing
prices – and the monocentric nature of most cities of the time – to propose five distinct concentric zones as a basis for understanding crime and other social problems
confronting the city39 . The model represents these problems in terms of two general
attributes: (i) Increased affluence with increased distance from the urban core; and
(ii) specific characteristics of each zone40 . Figure 2.6 presents Burgess’ radial map
of Chicago zones – described as “the most famous diagram in social science” (Davis,
1995)41 .
39

While the conceptual model involves five concentric rings these are applied as semi-circles in
the Chicago case given its location on the shores of Lake Michigan.
40
Relevant to this comes from a comparative study by Zorbaugh (1929) of proximal but highly
divergent neighbourhoods – one affluent and the other a slum – in which he demonstrated that
proximity alone did not engender shared values. This invalidated assumptions that distance is the
sole determinant of social conditions.
41
The earliest-known version of this map is also reproduced in figure P.4 (appendix P).
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The concentric zones are as follows:
 Zone I : The urban core and CBD;
 Zone II : The “Zone of Transition” – new immigrants, dilapidated housing;
 Zone III : Workers’ housing, single-family tenements;
 Zone IV : Residential zone – single-family homes, yards; and
 Zone V : Commuters’ zone, suburbia.

These correspond to patterns of urban development evident in section 2.1.1. For
example, the “Commuters’ zone” housed the upper classes in open, designed landscapes who commuted to the urban core as required. Of greater interest to the
Chicago School was the other extreme, represented by the “Zone of Transition”.
Surrounding the urban core, this zone included the most dilapidated housing and
the poorest of Chicago’s residents – as well as the highest rates of crime and other
social problems. Chicago researchers focused on this zone for possible explanations
(or correlates) to these problems. They observed proximity to Zone I accounted
for the pollution and noise that characterised it. It was also crowded and unsanitary, but low rents attracted migrants who could afford no better. The conditions
created a desire to evacuate the Zone as soon as circumstances permitted, adding
residential mobility to its list of specific attributes. In the Durkheimian tradition
– which resonated with Chicago School sentiments – these conditions made it difficult for residents to form a set of common values (norms) that would attenuate
criminal behaviour. This was evident in a number of factors: (i) the diversity of ethnicity, culture and language reduced commonality; (ii) high mobility retarded the
development of enduring social ties; and (iii) no incentive for investment existed,
resulting in a lack of expenditure on community resources42 . These observations
helped counteract prevailing views that individuals – or the ethnic groups to which
they belonged – had criminal tendencies by nature or by virtue of rational choice.
In contrast to these views, this model fostered an alternative which accounted for
such behaviour in terms of environmental influences. The suggestion of criminogenic
environments fed into a reformist agenda to address crime by the management of
social problems and other environmental factors rather than purely at the individual
level. The theoretical value of concentric zone theory prompted Shaw et al. (1929)
to engage in a large-scale, five-year empirical study, Delinquency Areas, which set
the foundation for the formalisation of SDT by Shaw and McKay in years to follow.
The final urban theme summarised here is the concept of “succession”. Following
the representation of urban ecology in terms of Burgess’ model of concentric rings,
42

In fact, there was negative incentive given that land values would increase with expansion of
the urban core, at which time landlords would sell.
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succession – and related ecological themes such as dominance – proposes a dynamic
model of population migration within the urban environment. This is epitomised in
the publication by Park (1936) called Succession: An ecological perspective. Again,
the concept reflects observable phenomena within Chicago at the time (as described
in section 2.1.1), interpreted according to existing ecological concepts. Succession
is most evident in the “Zone of Transition”, where unsavoury conditions exert two
effects. The first is that rents are correspondingly low, providing an entry point for
migrants with limited economic options. The second is that they also deter longterm residency and – as circumstances improve – encourages out-migration. At the
same time, this creates vacancies for incoming waves of new arrivals. Similar forces
encourage ongoing radial migration as residents in any one zone are attracted to
improved conditions in more distant zones. This forms a general pattern of invasion,
dominance and succession characteristic of Chicago at the time and evident, for
example, in prior discussions of mobile ethnic enclaves as much as in the fate of new
migrants to the urban centre.
2.2.1.4

Methodological notes

With their approach to urban sociology framed in ecological concepts, it is unsurprising that the Chicago School embraced mapping as a fundamental research tool.
This is discussed as the first methodological note in this section. While the work
of the “Cartographic School” has been described as the first defining moment in
crime mapping, the centrality of mapping in contemporary criminology has been
credited with the influence of the Chicago School (Kindynis, 2014). “Natural areas”
became typical units of spatial analysis and these were explored in extraordinary
detail, resulting in manually produced maps with the precision of modern computergenerated images (Weisburd & McEwen, 2015). Early examples include maps of
Charles Bushnell, presenting detailed accounts of the physical, social and racial
characteristics of areas in Chicago (Bushnell, 1901). Bushnell’s maps included the
collocation of major industries to child mortality, overcrowding, foreign-born population, poor sanitation, criminality, ignorance and economic distress. As in the
work of John Snow, the collocation of these data demonstrate exploratory analysis
of potential correlates in space43 . Other examples include maps of attendees at the
Juvenile Court in Chicago’s Cook County (Breckinridge & Abbott, 1911, 1912) and
the location of gangs within the city (Thrasher, 1927). However, the earliest wellknown example comes from the work of Shaw et al. (1929). The home addresses

43

An example of one of these maps is included in figure P.2 in appendix P.
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of some 9,000 offenders were obtained and presented in “spot” maps44 . These data
were converted to rates and used in concert with census data to derive radial and
thematic maps incorporating distance from the urban core, as per the underlying
concepts in Burgess’ concentric zone theory.
A second methodological note concerns the positivist nature of Chicago School
research. The foundations had been laid by a number of key predecessors. The
largely unacknowledged influences of the “Cartographic School” in the establishment of sociology is an example. Findings that crime is spatially non-random and
temporally stable contributed to the demise of classical criminological assumptions
of individual free will, and elevated the roles of environmental factors (e.g., Beirne,
1987, with respect to Quetelet). Additional influence is credited to Durkheim’s steering of sociology towards that of a scientific discipline. His methodological rigour,
opposition to the idea that phenomena in the social world are simply the aggregate
of individual biological or psychological traits and his proposal that “social facts”
constrain the options available to individuals all firmly planted sociology in positivist
territory. The Chicago School’s commitment in following this lead is evident, and
made explicit in publications such as Introduction to the Science of Sociology (Park
& Burgess, 1969 [1921]), its fundamental concepts (such as social “experiment”) and
its development of a criminology of “place”.
A third methodological note concerns the role of qualitative versus quantitative methods. The Chicago School is strongly associated with ethnographic research which, by default, suggests qualitative research methods such as participantobservation, interviews and content analysis. It is, therefore, not uncommon to see
claims that the Chicago School “adopted a qualitative approach to studying group
life” (Shah & Corley, 2006, p. 1824) or, with less acclaim, “is associated with downto-earth qualitative research, a less than rigorous methodology and an un-integrated
presentation of theory” (Glaser & Strauss, 1967, p. vii). Ignoring (for a moment)
the criticism of methodology and theory, the claimed orientation towards qualitative
methods certainly fits the ethnographic achievements of the School. However, other
accounts – admittedly, considerably less of them – focus on the School’s application
of quantitative methods as defining their work (e.g., Bulmer, 1984). This disparity
is resolved by three observations, all demonstrating an apparent qualitative bias in
describing the research of the Chicago School. The first is that although Chicago
School researchers claimed qualitative methods as the most appropriate for urban
research, the extent to which that methodology corresponds to contemporary under44

“Spot” maps refer to those which present point-based data – as in the Soho map of John Snow
– rather than areal data associated with the work of, say, Guerry. However, while there is historical
precedent in this kind of mapping in the brief period associated with the “Cartographic School”
there was no clear sense of continuity in the US situation. The collection of spatial data in the
early 1800s was non-existent, gradually emerging in the form of pins stuck into maps – hence the
term “spot” maps (Weisburd & McEwen, 2015). Thus, the mapping work of the Chicago School
was partly evolutionary but also partly revolutionary.
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standing of what constitutes “qualitative” is open to debate (e.g., Piovania et al.,
2015). The second observation is that perceptions of bias in reporting the Chicago
School’s preference for qualitative research is real. Bulmer (1984) makes this point,
stating that historians of sociology have favoured analysis of the qualitative methods of the School and neglected the quantitative (although see Nock, 2004, for a
balanced review). Deegan (2001) notes that despite the shared history of Park and
Burgess, the former’s increased presence over the latter in the literature of sociological history accounts for this perceptual bias. The third observation extends this.
Deegan (2001) also claims that correcting the historical bias by reasserting Burgess’
contributions results not only in a stronger presence of quantitative techniques, but
also reveals they are highly integrated. Thus, the final observation is that the very
imposition of a qualitative-quantitative dichotomy is simplistic in evaluating the
work of the Chicago School.
The final methodological note addresses the criticism of a claimed lack of theoretical substance. The School’s clear strengths in empirical research in diverse issues
of urban sociology – suicide, gangs, poverty, immigration, strikes, revolutions, brothels, social disorganisation, crime, etc. – dominated its research presence. This may
explain suggestions that it has long been “unfashionable to speak of the Chicago
School as having had any theoretical ideas at all” (Abbott, 1997, p. 196). However,
strong empirical focus need not come at the cost of theory, and Short (2002) presents
a raft of them including theoretical contributions to social disorganisation, urban
living, family studies, institutional growth, and more. Abbott (1997) attributes the
atheoretical criticism to a failure to appreciate the Chicago School’s principle that
social facts are contextualised by social and geographic “locatedness”, whereas perceptions of “theory” which require abstractions of such concepts are fundamentally
flawed. The final word on this issue comes from Sampson (2002, p. 217) – who sees
a benefit where some critics see a problem – when he states that
The disjuncture that seems to exist today in much of sociology between
theory and empirical research seems never to have had much force at
Chicago. . .

2.2.2

Social Disorganisation Theory (II) – Emergence

Far removed from accusations of being fundamentally atheoretical, the formal theorising of crime as part of the exposition of Social Disorganisation Theory (SDT) lent
itself to numerous accolades – and continues to do so, evident in comments such as
those of Sidebottom and Wortley (2015, p. 158), who state that the “Chicago School
of the first half of the twentieth century offered the first formal criminological theory in which the spatial distribution of crime occupied center-stage.” So entrenched
is the place of SDT in macro-level theories of crime (which use data aggregated to
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areal units) that some authors have expressed a degree of equivalency between terms
such as “social disorganisation theorists”, “environmental criminologists”, “Chicago
School theorists” and researchers of the “school of social ecology” (Paternoster &
Bachman, 2001, p. 113).
Earlier work on juvenile delinquency by Burgess (1916, 1967 [1925]) observed
spatial correlation between juvenile offenders and environmental conditions such
as sub-standard housing. Burgess posited a causal relationship between the two
that suggested the need for further investigation. The work of Clifford Shaw and
colleagues took on this task over a number of iterations (Shaw, 1930; Shaw & McKay,
1931a, 1972 [1942]; Shaw et al., 1929). This research built upon the foundational
elements of the Chicago School already discussed – highly detailed maps (such as
the spot map reproduced from Shaw and McKay (1972 [1942]) in figure 2.7), Park’s
“natural areas”, Burgess’ concentric zones, etc. However, it is the re-purposing of
the Chicago School’s concept of “social disorganisation” in the seminal work of Shaw
and McKay (1972 [1942]), Juvenile Delinquency and Urban Areas, that the classical
formulation of “social disorganisation” as a theory is typically attributed45 .
Their work uses home addresses of juvenile delinquents defined on the basis of a
number of categories (court appearances, committal to correctional centres, police
dealings, etc.) over a number of periods (1900–1906, 1917–1923, and 1927–1933).
The spatial dimension is evident from figure 2.8. This reproduces a table of maps
from the publication, indicating some of the spatial correlates of delinquency associated with the study. These include physical disorder (demolished buildings),
socio-economic status (welfare, median rentals, home ownership), health (“insanity”,
tuberculosis, infant mortality) and “race”/ethnicity (nativity, foreign-born heads of
families).
Maps were not only representative of spatial data, but were derived from analytical processes such as the conversion to rates and superimposition of concentric zones
on mapped social disorganisation (also evident in Shaw, 1930); this revealed highest rates of delinquency in Burgess’ “Zone of Transition” (Zone II) which dropped
significantly with increasing distance. However, the temporal dimension was no
less important since the Zone of Transition was also typically associated with high
rates of invasion and succession. What became apparent was the stability of delinquency in Zone II even in the face of high population turnover. Furthermore, it
was observed that with increasing distance from the Zone of Transition, prior waves
of immigrants could be located in areas of dramatically improved social conditions
and significantly lower rates of delinquency. This view of succession in action lent
credence to a sociological – rather than individualistic or ethnic – basis for crime,
45

Note that Bruinsma et al. (2013) separate “classical SDT” from that proposed by Shaw and
McKay. The difference is only in the inclusion of “crime rate” (in the “classical” version) as well
as “offender rate” (in both versions). In this thesis, reference to the “classical formulation of SDT”
refers to that of Shaw and McKay as outlined in this section.
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Figure 2.7 has been removed from this version of the Thesis for Copyright reasons.

Figure 2.7: Distribution of male juvenile delinquents, Chicago, 1934-40:
Reproduced from Shaw and McKay (1972 [1942], Map 9, p.58)
and specifically the notion of criminogenic place46 . While similar observations had
been made by various findings associated with the “Cartographic School” – namely,
spatial non-randomness and clustering of crime as well as its temporal persistence
– it was the theorising of Shaw and McKay in linking “social disorganisation” and
delinquency that was responsible for what is probably the Chicago School’s most
enduring legacy.
With the population continually displaced by dynamic processes of succession,
the static persistence of delinquency directed attention to characteristics of these
46

The importance of this finding cannot be overstated given prevailing views of delinquency at
the time which included psychological factors such as risk-taking (e.g., Sampson & Wilson, 1995)
and arguments regarding the moral or biological inferiority of migrant groups (e.g., Paternoster &
Bachman, 2001).
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Figure 2.8 has been removed from this version of the Thesis for Copyright
reasons.

Figure 2.8: Partial table of maps from Shaw and McKay (1972 [1942])
areas. Shaw and McKay observed three factors that also exhibited constancy over
time: (i) poverty; (ii) strong “racial”/ethnic diversity; and (iii) high rates of residential mobility. In what Bursik (1988, p. 521) refers to as it’s “purest formulation”,
social disorganisation is presented as a failure of the local community to develop a
common set of norms and social-control mechanisms to address problems such as
crime. Thus, social disorganisation is incorporated into the theoretical model as the
result of the effects of the three “structural” factors just described47 .
An additional mechanism is also briefly mentioned for completeness – that of
“cultural transmission” (Shaw & McKay, 1931a). It is presented as a functional contributor to the stability of delinquency in the face of succession, whereby youth – in
47

These factors are described in section 2.3 along with a working definition of term “structural
variable”, by which they are often collectively referred to.
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the absence of strong parental or community influence to the contrary – self-organise
to develop and pass on norms and values of a delinquent sub-culture. However, this
has been dismissed (e.g., by Kornhauser, 1978) on the basis that the weakening of
social control and the absence of community norms – as created by social disorganisation – is sufficient to explain the observations and remains the essential concept.
Even though Shaw and McKay (1972 [1942]) did not propose a direct link between the three structural factors and delinquency, in macro-sociological studies –
of which the work in this thesis is an example – the role of social disorganisation
is typically left implied. This is due to unavailability in large studies of data representing “social disorganisation” as a variable. Thus, paraphrasing the account
by Bruinsma et al. (2013), a typical hypothesis for testing the classical formulation
of SDT is that the higher the levels for each of poverty (or, more broadly, disadvantage), heterogeneity and residential mobility the higher the anticipated rates of
crime.

2.2.3

Social Disorganisation Theory (III) – Decline

Post WW-II, the influence of SDT began to decline and, by the 1970s, was attracting
considerable criticism. The reasons for this decline are summarised in this section.
The first was concern over SDT’s continued relevance once many US cities had
been ecologically redefined. These ecological changes were both morphological and
structural in nature.
Morphological changes were principally related to various forms of decentralisation. This included deindustrialisation of the urban core (assisted by decline in manufacturing) and ever-increasing suburbanisation (assisted by Federally-funded highway development and increased affordability of automobiles). Additionally, modernisation of transport provided a democratisation of commuting such that workers
were less compelled to live close to employment hubs. As a result of all of these
factors, many cities also departed from mono-centric form. This had implications
for the role of transition zones48 .
Structural changes also manifested themselves spatially. These included programmes of urban renewal, where areas of derelict housing were replaced with new
– and, ultimately, failed – experiments in public housing49 . The effect of such programmes was further concentration of poverty and crime, as well as “spillover” effects
48

More correctly, this criticism is confined to theoretical expectations of a predefined “Zone
of Transition” anchored to the urban core. It does not necessarily lead to the irrelevance of the
concept in the face of urban change, but rather to predictability of its location near the centre of
a mono-centric city.
49
In Chicago, these were established under the auspices of the Chicago Housing Authority, with
well-known – now infamous – examples being Cabrini-Green in the north and Robert Taylor Homes
in the south. Both were finally demolished in the new millennium, the last towers removed in 2011
and 2007, respectively. A photo of part of the Robert Taylor Homes complex is reproduced in
figure B.1 in appendix B.
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into surrounding areas (Bursik, 1986, 1989). Many structural changes were racially
aligned in older cities. For example, suburbanisation became a vehicle for so-called
“White flight” from Black-dominated urban areas; this further increased Black concentration in those areas due to combined effects of reduced opportunities for Black
out-migration to the suburbs and the fact that vacancies were taken by Black immigrants (Bursik, 1986, 1989)50 . Meanwhile, contrary forces were evident in population
diversity; while the “Americanisation” of the ethnic White population from generational change became a force for homogeneity, new patterns of immigration involving
Latino and Asian immigrants contributed to heterogeneity (Hirschman, 2005). Additional demographic change was brought about in many cities as unemployment
gripped less-educated residents (associated in large part from downsizing of the
manufacturing sector) while gentrification altered the landscape of once-dilapidated
urban centres in some metropolitan areas (Taylor, 2001).
Ecological changes in the urban environment of the kind described above were
accompanied by relative changes in crime (Bursik & Webb, 1982) which was thought
to be at odds with the account delivered by SDT. However, Taylor (2001, p. 128)
states that:
Given these shifts seen in the last fifty years in cities, we would not
necessarily expect to see the same spatial pattern for delinquency rates,
or crime rates, as were reported for the years prior to World War II.
Nonetheless, we still might expect community characteristics to link to
these outcomes in a similar way.
While changes in urban ecology prompted questions of the theoretical relevancy of
SDT, criticisms were also directed firmly at its foundations.
The second reason for the decline of SDT is based on accusations that it inherently commits a logical fallacy. Robinson (1950) stated that STD researchers were
50
This describes a racially divided process of succession in which out-migration from Blackdominated areas is largely constrained to non-Blacks while in-migration is largely constrained to
Blacks. The result is increasing segregation along “racial” lines, an issue explored in chapter 11.
However, it is worth noting that in his introduction to “Bright Shadows in Bronzetown” (Southside
Community Committee, 1949), Clifford R. Shaw compares European migrants arriving from the
Old World and African-Americans arriving from the rural South. Consistent with SDT he proposes
that both start their new lives at the lowest rungs on the socio-economic ladder, which correspond
spatially with slum areas. Such areas are also observed to be criminogenic. However, he states
a different longitudinal pattern between the two groups. European migrants transition to more
favourable circumstances (and locations) once they have absorbed appropriate skills, knowledge
and resources. Thus, they are differentiated from African-Americans by their eventual absorption
into the US middle classes. Additionally, their rates of delinquency are reduced, and so upward
socio-economic mobility and crime reduction are here linked by Shaw: “nothing, it would appear, is
more calculated to reduce a group’s rate of delinquents than ample opportunity for upward mobility
into a more favorable status” (p. 7). The African American starts as does the European migrant
— on the lowest rung of the socio-economic ladder. However, discrimination and exclusion block
pathways to success. Yet, the African-American is subject to same American cultural traditions,
with desires for success and recognition of the need to compete. But, the African-American “is
forced, literally, to act out the drama of his life career upon a stage shrunken to the proportions
of the racial ghettos of our cities” (p. 9).
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guilty of an “ecological fallacy”. This is an inferential error in which the behaviour
of individuals is inferred from a statistical understanding of the group to which they
belong. While the criticism is debatable, it resounded with other prevailing views
at the time and exerted considerable influence51 .
A third reason also involves a supposed logical flaw. It finds that STD-derived
research was stymied by confusion about what “social disorganisation” actually was,
how it could be measured and how it differed from delinquency itself (Bursik, 1988).
This criticism finds SDT fundamentally incapable of being tested on the basis that
it was tautological. The accusation was based on the claim that crime appeared
to be presented as an indicator of social disorganisation and also as a result of
it. Sampson (2008a) states this in terms of defining “social disorganisation” by its
outcome. That is, “social organisation” typically gets identified by its absence, one
of the symptoms of which is crime; thus, using “social disorganisation” to measure
the rate of crime becomes problematic in its circularity (Kornhauser, 1978; Kubrin
et al., 2008; Taylor et al., 1974).
A fourth issue in the decline in SDT arises from renewed theoretical focus on the
individual and accompanying methodological preferences for qualitative methods
including survey instruments and self-reporting (Bruinsma et al., 2013). One of the
collaborating factors that helped propel Robinson’s accusations of ecological fallacy
to prominence was a shift in criminological thought towards individualism. This
was, effectively, a resurgence of classical theories of criminology over the sociological
theories that had previously usurped them. It therefore involved an accompanying loss of traction for theories with sociological or ecological focus. Furthermore,
research in SDT was macro-sociological in nature and that further distanced the
theory from individualist approaches (Bursik, 1988).
A fifth critique of SDT was that its researchers constructed theory from data
rather than tested theory. With respect to their inductive approach, (Snell, 2001,
p. 33) states that they
. . . did not use their data to test a theory. They used their data to begin
the development of theoretical ideas. As previously stated these ideas
had an enormous impact on the field. In no section or chapter of Juvenile
Delinquency and Urban Areas do Shaw and McKay attempt to make a
formal statement of a theory. Thus, their work should not be evaluated
in such a manner.
51

Sampson (2008a) observes two fundamentally different mechanisms by which the “individual
↔ group” relationship may function. The first is that neighbourhoods have a developmental effect
on residents and, therefore, on individual capacity to commit crime. He distinguishes this from
those mechanisms whereby neighbourhoods affect control over their areas “here and now”. Both
may apply, although it is not necessarily the case. A theory reflecting the former may attempt to
explain individual behaviour extrapolated from knowledge of the group, whereas a theory reflecting
the latter may examine behaviour within the neighbourhood regardless of which individuals commit
it.
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Other factors were also associated with the decline of SDT – e.g., a claimed stagnancy for the Chicago School with the departure of Park from the faculty in 1935
(Shils, 1980), and the increasing cost of longitudinal studies upon which delinquency
research relied (Bursik, 1988). However, SDT ultimately not only survived but experienced a resurgence in which it bloomed.

2.2.4

Social Disorganisation Theory (IV) – Resurgence

As early as the early 1970s the grounds for SDT’s resurgence were recognised. In
the introduction to the 3rd edition of Shaw and McKay’s (1972 [1942]) classic work,
Short (1972) states that their contributions have not only survived the test of time
but maintained contemporary relevance for both theorising and researching crime.
By the mid-1990s it had re-emerged in a swathe of publications revisiting the theory
(see Bursik, 1988, for an in-depth account). In its resurgence, SDT became one of
the main means of reasserting the role of community and neighbourhood effects on
crime (Bursik, 1988; Bursik & Grasmick, 1993; Sampson & Groves, 1989; SimchaFagan & Schwartz, 1986). This renewed vigour in SDT-related research has been
referred to as the “Second Chicago School” (e.g., Wacker, 1995).
Before summarising the various forms which a revitalised SDT assumed, a brief
mention is made of the early catalysts in its revival as theoretically relevant. Preeminent among these is the work of Ruth Kornhauser in Social Sources of Delinquency. Using a range of determinants, Kornhauser devised a simple taxonomy in
which theories of deviance were classified as social disorganisation, social control,
strain, or cultural deviance theories. In addition to reinstating SDT as a heavyweight in delinquency research by its inclusion as one of four typologies, Kornhauser
expressed clear preference for social disorganisation and social control theories, accentuated by a dismissal of cultural deviance52 . Kornhauser’s reassessment of SDT
prompted others to do likewise, with a snow-balling effect on the new-found relevance of the work of Shaw and McKay. Additional early catalysts for this renewed
interest include Stark (1987), who constructed 30 propositions by which SDT might
be theoretically formalised in linking neighbourhood characteristics to deviance.
These characteristics included crowding, dilapidated housing, population turnover,
etc. It also introduced extensions, such as opportunism in positing the association
with proximity to industry (as in Burgess’ “Zone of Transition”) with delinquency
being associated with availability of targets (in the case of theft or vandalism, for
example). A final illustration of key contributions to the rejuvenation of SDT comes
52

Matsueda (2014) describes her dismissal of cultural transmission – as proposed by Shaw and
McKay (1972 [1942]) and briefly discussed in the previous section – as a product of her distaste
for cultural deviance theories. While Kornhauser argued that the concept of a deviant sub-culture
was anomalous in an otherwise internally consistent theory, Matsueda (2014) sees this as favouring
social control theories over cultural deviance to the extent of attempting to eradicate the latter
from SDT.
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from Bursik (1988), who catalogued many of the reasons for its previous decline and
proposed means by which they might be countered.
However, it was a return to one of SDT’s uncontested strengths – its empirical successes – that helped re-establish it as a basis for criminological research in
contemporary times. One prominent example comes from Bursik and Webb (1982)
who applied data from Shaw and McKay (1972 [1942]) which had previously not
been analysed and established broad support for SDT. However, probably the most
significant empirical contribution to SDT’s re-emergence was a test using British
Crime Survey data by Sampson and Groves (1989). This test was confirmed by
a replication study by Lowenkamp et al. (2003) who re-asserted the link between
neighbourhood structural characteristics, the ability and readiness to implement
social control mechanisms and rates of crime.
Following Kornhauser’s designation of “social disorganisation theory” as a broad
theoretical typology, revisions of SDT have included increased dialogue on the relationship between structural factors (e.g., disadvantage, residential mobility, etc.)
and their weakening effect on mechanisms of social control. However, they have
also included additional elements. In some cases, these were confined to structural
variables (e.g., Stark, 1987). In the late 1970s and early 1980s, in particular, macrosociological developments were evident. Pratt and Cullen (2005, p. 375) refer to the
work on SDT by Shaw and McKay in this period as a “rediscovery”, and declare it as
one of four intersecting theories that contributed to the establishment of a contemporary macro-level basis for criminological theory – the other three being Routine
Activities Theory (Cohen & Felson, 1979), the work by Blau and Blau (1982) on
inequality and violence, and macro-level focus in deterrence theory (Blumstein et
al., 1978). Structural variables were typically defined in terms of the risk posed to
a community’s capacity to self-organise, establish norms, and develop and maintain
mechanisms of social control. In addition to those established by Shaw and McKay,
influential examples include “family disruption” (single-headed families) by Sampson (1987) and measures of urbanisation (“urbanisation” as population density and
“structural density” as crowding and concentration of high-rise flats) by Sampson
and Groves (1989).
However, the work of Sampson and Groves also introduced a role for microsociological variables, such as local friendship networks and levels of organisational
participation. Important among these are “mediating variables” – or intervening
processes – by which other variables exert an indirect effect on the observations
of interest. The incorporation of mediating variables became a strong feature of
the SDT resurgence, with one of the most prominent examples being “collective
efficacy” (Sampson, 2008a; Sampson et al., 1997). “Efficacy” refers to an ability and
readiness to engage with social control mechanisms and a shared system of values;
“collective” reminds that this is a sociological – rather than psychological – effect
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and a contributor to processes of broad social cohesion53 . Collective efficacy has
assumed a highly visible presence in the criminological research literature – notably
in the context of SDT-derived accounts – and has been posited as an important
influence on neighbourhood-level social problems and crime (e.g., Mazerolle et al.,
2010; Morenoff et al., 2001; Sampson et al., 1997).
As an example of the potential relationships between new elements arising from
the resurgence in SDT, figure 2.9 presents a simplified adaptation of a schematic
from Sampson (Figure 5.1, 2008a, p. 156).

Figure 2.9 has been removed from this version of the Thesis.

Figure 2.9: Collective efficacy theory according to Sampson (2008a), being an
adaptation of Figure 5.1 (p. 156); “Spatial proximity” is excluded for convenience,
but in the original diagram links to all influences on “Violence, Disorder”
The (shaded) focus of interest is on social problems, such as violence and disorder. Traditional structural influences from Shaw and McKay (1972 [1942]) are
evident (poverty, population mobility), as are micro-sociological variables (density
of social ties, organisational infrastructure) and the presence of collective efficacy as
a mediating variable. Collective efficacy and crime influence each other. In addition
to collective efficacy, other variables directly affect crime (poverty, mobility, organisational infrastructure). However, these variables also affect collective efficacy. By
this process, variables exert a direct effect on crime as well as an indirect effect on
crime via the mediation of collective efficacy (and social ties exhibits this indirect
effect only). Excluded from the figure for simplicity is that all links to crime are
affected by spatial proximity.
Finally, technical and technological innovation prompted new directions in the
53

The ongoing evolution of “collective efficacy” as a sociological concept evolved from social
psychology. Bandura (1977) coined the term “self-efficacy” as a framework for observations that
group efficacy was improved when individual members had high levels of trust in the group’s capacity to address specific tasks. In one of the most quoted passages in collective efficacy scholarship,
Bandura (1997, p. 477), defines it as a “group’s shared belief in its conjoint capability to organize
and execute the courses of action required to produce given levels of attainment.” Its evolution as
a sociological concept – which continues – casts this as a cohesive neighbourhood effect. Thus, in
the criminological domain, it denotes a shared belief that members of a community can effectively
prevent and control local crime.
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growth of SDT, particularly from the 1990s. As an inherently spatial theory, empirical studies benefited from the development of desktop computing, digitisation of
records and major advances in spatial analysis and mapping algorithms (Chainey,
2009; Chainey & Ratcliffe, 2005; Drawve, 2014). In addition, theoretical developments in spatial modelling and analysis – increasingly reliant on intensive simulation for implementation – have continuously evolved in partnership with computing
power, allowing new spatial modelling methods to be applied to criminological research54 .

2.2.5

Social Disorganisation Theory (V) – Contemporary

The cursory account of the resurgence in SDT only hints at its breadth of contemporary application. Such breadth may be surprising given the highly specific set
of circumstances from which it evolved. This section provides a brief overview of
research conducted in its name.
With respect to contemporary relevance, SDT has proven itself enduring and
expansive. While borne from studies of youth delinquency and truancy it has also
targeted violence generally (Breetzke, 2010; Olson et al., 2009; Osgood & Chambers,
2000) – and specific acts of violence such as intimate partner violence (Daoud et al.,
2017; Goodson & Bouffard, 2019; Morgan & Jasinski, 2017), sex crimes (Konkel et
al., 2019), assault (Goodson & Bouffard, 2020), homicide (Cho et al., 2020; Emerick
et al., 2014; Escobar, 2012; Nieuwbeerta et al., 2008; Pereira et al., 2017), child sexual
assault (Mustaine et al., 2014), suicide (Kubrin et al., 2006; Moore, 2019), use of force
by police (Hays, 2011; Lautenschlager & Omori, 2019) and animal cruelty (White
& Quick, 2019). It has been used as the basis for exploring a number of potential
correlates to violent crime including health (Ousey, 2017), payday lending practices
to the working poor (Kubrin et al., 2009) and a considerable body of research on
the density of alcohol outlets (Nielson et al., 2010; Pridemore & Grubesic, 2012;
Roncek & Pravatiner, 1989; Snowden & Pridemore, 2012). While formed in a rapidly
changing and highly differentiated urban environment, it has also been used in rural
locations (Osgood & Chambers, 2000) or exploring the rural/urban divide more
specifically (Goodson & Bouffard, 2020), and to spatially limited environments such
as colleges and schools (Barton et al., 2010). While often employed in the context of
crime etiology it has also been used in exploring the response of police and courts to
crime rates and clearance rates (Cihan, 2014; Regoeczi & Jarvis, 2013). As evidence
of its capacity for diverse application, SDT has also been used to frame research
into the residential locations of supervised offenders in areas prone to flooding and
hazards (Price et al., 2020), parental maltreatment of children (Abdullah et al.,
54

All of the research in the thesis is dependent on computer-intensive processing, not merely in
response to the size of the datasets involved, but due to algorithmic demands of the models used
and the important role that simulation techniques assume in the analysis.
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2020), non-criminal aspects of child welfare (Harrikari, 2014), criminal behaviour
during the South-East Asian tsunami of 2004 (Teh, 2008), methamphetamine usage
(Hayes-Smith & Whaley, 2009) and the analysis of geo-tagged Twitter data used for
social justice protests (Bunting & Stamatel, 2019). Traditionally associated with the
North American context, SDT has also been applied in areas as diverse as Australia
(Barclay & Donnermeyer, 2001; Jobes et al., 2004; Wickes et al., 2016), Belgium
(Pauwels et al., 2010), the Netherlands (Bruinsma et al., 2013; Nieuwbeerta et al.,
2008; van Wilsem et al., 2006), China (He & Messner, 2019; Xiong, 2016), South
Korea (Cho et al., 2020), Russia (Siegmunt, 2016), South America (Arias & Montt,
2018; da Silva, 2014; Pereira et al., 2017) and South Africa (Breetzke, 2010; Lamb,
2019), for example.

2.3

Five structural variables summarised

The independent variables used in this research are macro-structural. This is defined
as follows. The “macro-” qualifier refers to macro-sociological variables as opposed
to micro-sociological ones. “Macro-sociology” refers to a focus on broad processes
such as forces for social stability or change; micro-sociology addresses interpersonal
processes such as group dynamics and face-to-face interaction. The “structural ”
reference may best be understood in terms of the “structure” vs “agency” debate
– the foundations of which have already been visited. A belief in human agency
constitutes an emphasis on individual decision-making and action, which aligns it
with “rational-actor” theories of behaviour. The structuralist favours the roles of
social structure in human behaviour, invoking socio-economic, political, cultural and
symbolic structures as fundamental to understanding human behaviour. In reality,
these forces may be mutually interactive as (Wendt, 1987, pp.337-8):
. . . two truisms about social life which underlie most social scientific inquiry: 1) human beings and their organizations are purposeful actors
whose actions help reproduce or transform the society in which they
live; 2) society is made up of social relationships, which structure the
interaction between these purposeful actors (Wendt 1987:337-338).
However, in exploring the Social Disorganisation Theory of Shaw and McKay (1972
[1942]), focus is directed to the structural. With the decline of the rational actor and the growth of positivism (described in subsection 2.1.3) many behaviours
once attributed solely to individual choice were reinterpreted as social facts – with
Durkheim’s analysis of suicide a pivotal case in point. The Social Disorganisation
Theory of Shaw and McKay (1972 [1942]) evolved in this climate and the centrality
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of structural variables reflects this55 .
All independent variables within the research are macro-structural56 . As such,
the unit of analysis is inherently greater than the individual and is location-based. In
health sciences such variables might be referred to as “social determinants” (Perlman
& Jordan, 2018), indicative of the role that local ecological and environmental effects
play in what might otherwise be regarded as individualistic health outcomes.
The remainder of this section presents the structural variables used in the research. These conceptual variables are then defined as operational variables in chapter 3.

2.3.1

Structural variable 1: Disadvantage

Disadvantage and poverty are often used interchangeably in deprivation studies.
However, disadvantage is a broader, multi-faceted concept that may include factors
such as poverty, crowding, educational attainment, socio-economic status, labour
market deprivation, access to transport, distance to facilities, government funding
and social institutions. Bursik (1988, p.521) states that “in its purest formulation,
social disorganization refers to the inability of local communities to realize the common values of their residents or solve commonly experienced problems”. As such,
the potential for structural variables to affect community-level values is noted. In
the case of disadvantage, the reduced access to (formal or informal) community resources may result in reduced levels of social contact between residents, including
participation in community-building events and institutions (Morenoff et al., 2001;
Sampson & Groves, 1989; Sampson et al., 1997). This may severely impact upon
the development and maintenance of local social control mechanisms.
Concentrated disadvantage is also widely understood to be an important factor
in influencing crime (Krivo & Peterson, 1996) – although Shaw and McKay (1972
[1942]) made no such direct link. Examples include crimes of child sexual assault
(Mustaine et al., 2014), homicide (Nieuwbeerta et al., 2008), intimate partner violence (Miles-Doan, 1998; Yakubovich et al., 2020), and youth mental health issues
(Vissera et al., 2021).
Disadvantage and deprivation are also important factors in other criminological
theories. One example is classical strain theory (Merton, 1938, 1957 [1949]) where
these circumstances lead to feelings of resentment and lack of equity which, in turn,
fuels alienation, criminal activity and violence. Another major theoretical incorporation of disadvantage comes from Becker (1968) who proposes a rational theory
of crime whereby potential perpetrators act upon analysis of trade-offs between
55

Kubrin and Weitzer (2003a) argue that Shaw and McKay (1972 [1942]) also initially included
subculture as a local influence, but their interest in it waned and they – and most who followed in
their footsteps – focussed exclusively on structural variables (Kornhauser, 1978).
56
For this reason, they are often simply referred to as “structural variables” with the understanding that, in a broader context, structural variables might also be micro-sociological.
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expected return versus severity of punishment, etc.

2.3.2

Structural variable 2: Heterogeneity

Heterogeneity is typically expressed in terms of “race” and “ethnicity”. The 1890
census revealed the extent to which ethnic heterogeneity was an obvious characteristic of the city; three-quarters of the population were foreign-born or first generation of foreign-born immigrants (Rotella, 1998). Strong levels of heterogeneity are
claimed to generate contradictions at social, cultural and linguistic levels — possibly
due to conflicting value sets or, even more simply, due to barriers in communicating
and nurturing a shared set of social norms. In understanding this variable it is important to recognise a separation between “race” or “ethnicity” on one hand, and
heterogeneity of “race”/“ethnicity” on the other. Shaw and McKay (1972 [1942])
engaged with both of these concepts. With respect to the former they did observe
elevated criminality in immigrant and Black populations but did not find that any
specific population was responsible for higher levels of crime in Chicago. Such findings ran contrary to popular opinion. Accordingly, “race” or “ethnicity” alone are
not of particular interest in the formulation of SDT. On the other hand, areas with
high levels of heterogeneous population not only indicated increased criminality but
continued to do so despite changes in “racial”/“ethnic” composition over time. This
stable relationship of highly heterogeneous areas to crime in the face of changing
population composition emphasises the important of heterogeneity as a structural
variable.
An example comes from ecological studies suggesting that areas with similar
poverty exhibited different crime rates (Lind, 1930a, 1930b). Lind proposed that
economically deprived areas that were also ethnically heterogeneous (which he called
“slums”) had social control difficulties that permitted crime to occur, while economically deprived but ethnically homogeneous areas (which he called “ghettos”) could
exert sufficient control to attenuate crime. In short, “slums” were too disorganised
to muster the mechanisms of social control available in “ghettos” due to the effects
of heterogeneity.
Results testing the relationship of heterogeneity to various crimes of violence
are generally inconsistent, finding associations to be positive (e.g., Altheimer, 2008;
Hansmann & Quigley, 1982), insignificant (e.g., Breetzke, 2010) and negative (e.g.,
Gostjev, 2016; Mustaine et al., 2014; Olson et al., 2009). It is an extremely vigorous area of criminological research, often conducted in the context of immigration
studies.
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Structural variable 3: Residential mobility

Mobility – also known as population transience – refers to the level of local population flux. Length of continuous residency is thought to strongly associate with
residential attachment and community involvement (Kasarda & Janowitz, 1974),
a positive factor in the development of social control mechanisms. Skogan (1986)
describes this residential stability as one that enables social reproduction — intergenerational transmission of social norms that are associated with the mainstream.
Historical theorising on this concept describes a trajectory from traditional, residentially stable communities – such as medieval ones – to contemporary, industrialised
communities. Whereas the traditional benefited from strong community ties, many
contemporary decisions are goal-seeking in nature, leading to higher levels of residential instability (Oishi, 2010). Cotton (2016, p.29) describes this situation as a
“sociological shift [that] ripened communities for transcience”. Stark (1987, p.900)
proposes that “transience weakens voluntary organizations, thereby directly reducing both informal and formal sources of social control”.
Residential mobility of the US population is recognised as historically strong.
Spring et al. (2016) list a number of examples – rapid urbanisation, westward expansion, the Great Migration, decentralisation, and suburbanisation – all of which
have been flagged herein as influential in the development of SDT (subsection 2.1.1).
As early as 1840, de Tocqueville made similar comments of Americans he observed
generally as “restless in the midst of abundance” (p.137). This reflects a proposed
link between economic opportunity and residential mobility as a primary means
of achieving it. The rhetoric gels with ecological propositions for mobility central to developments in the Chicago School. The U.S. still manifests high mobility
rates relative to most other countries, with Australia presenting similarly high levels
(Bernard et al., 2017)57 .
Although by no means universal there has been some support for the idea that
high residential mobility is positively associated with crime (Boggess & Hipp, 2010;
Morenoff & Sampson, 1997; Stark, 1987). It has also been positively associated with
violent crime (Kane, 2005; Kposowa et al., 1995; Martinez et al., 2008; Osgood &
Chambers, 2000; Smith & Jarjoura, 1988) and exhibited moderate correlation with
offender rates in the Netherlands (Bruinsma et al., 2013). Although such accounts
resonate with assumptions that high residential turnover destabilises communities
and leaves them prone to higher rates of crime it has also been suggested that
the chain of causality could be reversed. This argument proposes that pre-existing
crime motivates increased residential turnover in the form of out-migration (Boggess
& Hipp, 2010).
57

Observations of high levels of residential mobility apply to “New World” countries in general
– which add Canada and New Zealand to the list; in a 5-year window 40-55% of residents move
(Bell et al., 2017). Despite this, the retrospective study by Bernard et al. (2017) finds no common
“mobility regime” that differentiates them from populations in other advanced economies.
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Structural variable 4: Family disruption

Sampson (1987) added a fourth structural variable to the classical formulation of
SDT: family disruption, a concept typically defined in terms of single-headed families. However, the concept has considerable history – including from within the
Chicago School itself. For example, Shaw and McKay (1931b) describe the concept of cultural transmission as the self-organisation of youth – in the absence of
strong parental and community influences – to develop and transfer norms and values of a criminal culture58 . Burgess’ foreword to Family Disorganization (Mowrer,
1927) links family disorganisation to social disorganisation, and states that the
“. . . problems of family life are evidently correlated with all the other social problems of the city” (p. xi). Shaw and McKay (1932) also directly address the issue of
potential influence of “broken homes” on juvenile delinquency59 .
Sampson (1987) explains the potential influence of high levels of family disruption in two effects. The first is reduced levels of supervision within the family. The
second is a community-level result from the collective impacts of such, which is
the effect of interest to this research. A focus on family and individual effects is
concerned with the extent to which family disruption engenders criminal careers.
This association has been noted as weak, and more likely to hold for minor offences
such as truancy (Shihadeh & Steffensmeier, 1994). However, the community-level
variable offers ecological dimensions that emerge from neighbourhoods with high
numbers of unsupervised youth and the complex networks within which they operate. Under such conditions Sampson (1987) suggests that social control mechanisms
which serve to retard criminal activity become weakened.

2.3.5

Structural variable 5: Urbanisation

Sampson and Groves (1989) added a variable for population density – called “urbanisation” – to their analysis of social disorganisation60 . Brantingham and Brantingham (1984, p.15) capture the sentiment simply when stating that it “is often
implied that crime, disease and strife are inevitable consequences of cities”. Such
statements are matched by observations of increasing rates of crime from rural areas
to small cities to large cities (Glaeser & Sacerdote, 1999). The interest in urbanisation as a factor in crime etiology has been a persistent one. Choldin (1978) refers to
58

Kornhauser (1978) dismissed the role of cultural transmission in explaining crime, stating that
weakened social control was the essential concept. However, the reference by Shaw and McKay
(1931b) remains of interest outside of the cultural transmission concept.
59
Shaw and McKay found no clear relationship between the two in their study, and noted the
presence of confounding effects such as age and “race”. It may be speculated that the results of
this study explain why family disruption is not included in the classical formulation of SDT.
60
They also added a variable called “structural density”, which mostly indicates high-rise developments but also density of children living in the one dwelling. This was disregarded for current
purposes, partly because high-rises no longer tend to indicate social housing, but mostly because
population density responds to the same conditions.
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it as the “density-pathology hypothesis”: the speculation that increased population
density associated with urbanisation unleashes a host of pathologies, including increased rates of crime. Peršak and Tulumello (2020) date it to at least the Industrial
Revolution, although comments from subsection 2.1.3 suggest earlier associations.
Despite its absence from the Social Disorganisation Theory of Shaw and McKay
(1972 [1942]), it was certainly of interest to members of the Chicago School. Louis
Wirth (1938), for example, included density in his treatise on urban problems along
with size and heterogeneity. Pavoni and Tulumello (2018, p.51) state that Wirth’s
paper “systemised a series of equations that still hold today”, namely that pre-urban
social bonds are weakened by the processes of urbanisation.
In other studies, the density-pathology hypothesis” has been variously found to
be negligible (e.g., Kirmeyer, 1978), supported (e.g., Battin & Crowl, 2017, in the
case of property crime) or dependent on crime type (e.g., Min, 2014, who found
positive association with population density for crimes of violence and negative
association for propery crime).

2.3.6

Structural variables: Interaction effects

As evident in the historical account, structural variables are not isolated effects and
typically suggest high levels of interaction. An overview of conditions in Chicago
during the development of SDT makes the point.
Residents in the inner-zone experienced considerable poverty. Since the everexpanding urban footprint ensured such areas would eventually be replaced by industrial and commercial buildings, landlords’ profits were maximised by not spending on improvements (Bursik, 1988). Therefore, these already overcrowded and
unsanitary areas were allowed to deteriorate further. In the meantime, the squalor
of poverty-stricken areas of the city motivated residents to out-migrate. The barrier
to such migration was the very poverty experienced by residents in the inner-city
zones. Nevertheless, the exodus occurred where improving fortunes permitted. As
Allison (1924, p. 529) observes, “by 1920 over 110,000 people had left the old port
city for the better housing a few miles further out.” This created in-migration opportunities for new residents to the city. However, low-income areas are less likely
to be attractive to potential residents, leading to further residential instability (Bursik & Grasmick, 1993). Thus, new residents were typically foreign born, often of
peasant background, with poor English skills and low educational attainment. This
resulted in a “displacement” effect in employment, whereby the better-paid and
higher-status jobs went to native-born residents (Abbott, 1917).
This brief account indicates a confluence of mutually dependent factors observable by the Chicago School researchers and incorporated as structural variables in
SDT by Shaw and McKay. That is, in addition to their interest in the role of unsupervised youth in cultural transmission (family disruption) and against a backdrop of
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dramatic urbanisation, the complex interplay of disadvantage, ethnic heterogeneity
and population mobility was illuminated by a view of the city as ecological niches61 .
The niche with greatest volatility – Burgess’ “zone of transition” – naturally drew
strongest research focus by sociologists of the Chicago School. The collocation of
high levels of crime/delinquency, disadvantage and heterogeneity is of interest in
itself, but in the presence of high rates of population mobility raises questions about
how these neighbourhood attributes remain stable given such flux. This feeds directly into an ecological position on crime and delinquency, in which criminogenic
place is suggested. The mechanism by which this is perpetrated intergenerationally
suggests a reduction in community ability to prevent or intercept crime and violence (Kornhauser, 1978; Warner, 2003). Linking mobility and disadvantage, Bursik
(1988) describes this bluntly in terms of a lack of interest in improving the community when the main focus of residents is to escape the disadvantage it embodies.
The result is a weakening of social control mechanisms, a concept in SDT theorising
that is persistent across many adaptations. With respect to the theoretical lens
by which Shaw and McKay viewed these “ecological” relationships, four influences
are worth recalling: (i) concepts from the “natural ecology” of Park (1936) – such
as invasion, dominance and succession; (ii) the spatial framework of Burgess (1967
[1925]) – including territorialism and resource availability in an organic, “zonal”
(specialised) view of urban development; (iii) a positivist belief that social observations reflect known processes with predictable results; and (iv) resonance with the
founding principles of sociology in the idea that “social facts” (such as norms and
social structures) exert a measure of control over seemingly individual behaviours
(Durkheim, 2014 [1895]).

2.4

Summary

The separation of criminological theory from research in the presentation of this
thesis sees theory confined to the start – where foundations are established – and
the conclusion – where research results are considered in terms of theoretical impact.
Therefore, considerable attention has been given in this chapter to establishing a
contextualised account of Social Disorganisation Theory, summarised as follows.
The development of SDT would appear to be a response to highly specific circumstances. Chicago’s extraordinary urbanisation was pre-eminent in defining this
context. Over a short period, Chicago engaged with a succession of major engineering projects, became a regional – and then a globally recognised – transport hub, was
a world leader in technological developments that granted it “city of the future” status, hosted the World’s Columbian Exposition, and experienced astronomical rates
61

Although not included by Shaw and McKay (1972 [1942]), they would have also been aware
of research on family disruption by Mowrer (1927), who established increased mobility by divorced
families in Cook County relative to control families.
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of growth in both population and urban footprint. It also demonstrated numerous features which would inspire comparison to living organisms, evident in rapid
regrowth in response to the Great Fire and in apparent evidence of spatial “specialisation” based on class, “ethnicity” or employment. At the same time, urbanisation
was seen to generate a pathological response, typically blamed as an aberration of
the lower classes and new immigrants.
Building on early methods of spatial analysis and positivist trends in the sociology of deviance – both of which facilitated a shift in focus from the individual to
the social – the Chicago School rose to a level of prominence that is still held in high
regard in contemporary sociology and criminology. Its approach to urban sociology
embraced a number of connected themes, including a belief in the urban form as humanity’s highest achievement, the concept of the “city as experiment”, the organic
nature of the city, the idea of ecological zones and the concept of succession.
The classical formulation of Social Disorganisation Theory is described as emerging from this environment – with disadvantage, heterogeneity and mobility describing observable events in the city. The issue of temporal stability of crime that had
long been observed in the history of spatial analysis, was of particular interest to
SDT.
A resurgence of interest in SDT posited additional structural variables – with
family disruption and urbanisation of particular interest – and additional mediating
and micro-sociological variables (which are excluded from the current study).
At every point in its development, SDT appears as a direct response to a highly
specific set of circumstances. Accounting for this specificity – as outlined in this
chapter – adds dimensionality to the research sub-question addressing implications
of the research for criminology (section 1.7). That is, behind any support for SDT
lies the issue as to how that support may arise from circumstances which differ significantly from the context to which SDT was responding. This is particularly relevant
in the current study, which follows Shaw and McKay in using macro-sociological
variables. These – and other data – are described as operational variables in chapter 3.
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This chapter describes how concepts from the previous two chapters are quantified, principally incidences of violent crime (from chapter 1) and five social factors
arising from an augmented interpretation of Social Disorganisation Theory (from
chapter 2). It also summarises supporting concepts, such as those relating to vector
data. Variable quantification is discussed first, followed by transformations of those
variables as appropriate.

3.1

Temporal decisions

The broad time periods decided for the cases studies were based on socio-economic
data availability.
In the U.S., the census has been a decennial event since 1940, with the last one
occurring only recently – 1st April, 2020. Therefore, 2010 was selected as the census
year of interest for Chicago data. Previously, the census consisted of a “short-form”
survey of basic questions and a “long-form” survey of approximately 50 additional
socio-economic questions. In 2000 around 1 in 6 households were given the long-form
as a supplement to the basic census questions. However, in 2010 only short-form surveys were used in the census. Instead, additional socio-economic data were collected
via the American Community Survey (ACS). Both census and ACS data collection
are mandated by law. The main differences between ACS and the long-form supplement to the census are (Esri, 2014): (i) Continuous surveying in ACS (rather
than decennial); (ii) Period estimates in ACS (rather than point estimates); and
(iii) sampling of 1 in 50 households in ACS (rather than 1 in 6). As a result of these
differences, 5-year collection periods are advised when applying ACS data to populations less than 20,000 – as is the case at census tract level. Thus, the Chicago study
uses period data from 2006-2010, inclusive, which ensures that sampling provides
an accurate reflection of socio-economic conditions to block-group level1 .
In Australia, the census is held every 5 years, with the last one occurring on 9th
1

Block groups are components of census tracts.
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August, 2016. Thus, 2016 was selected as the census year of interest for Sydney
data2 .

3.2

Vector data

All vector data are in ESRI Shapefile format (Environmental Systems Research
Institute, 1998).
Two decisions about vector datasets are required: (i) a “global” decision defining
outer bounds of each study (here defined in terms of urbanised areas in accordance
with deliberations outlined in chapter 1); and (ii) a “local” decision regarding the
scale and distribution of areas within those bounds. The latter are typically discussed as reflecting “neighbourhood”. This is a difficult concept to define. One
review of 94 definitions of “community” established but a single clear point of commonality – the presence of people (Hiller, 1955)! The same ambiguity applies to
“neighbourhood”, a concept used to represent the spatial realm of many localised
sociological processes. The issue is typically sidestepped on the basis of pragmatism,
since data availability is one of the primary constraints on “neighbourhood” selection (e.g., Boggess & Hipp, 2010; Lupton & Kneale, 2012). The work reported in
this thesis follows suit. Selection of areal data at the local level is based on availability of aggregated social and crime data. Accordingly, until the conceptual basis of
“neighbourhood” and “community” is revisited in concluding chapters, areal units
are referred to in terms of their classification by the appropriate census authority
(e.g., “census tracts”) and reference to “neighbourhoods” and “communities” prior
to that discussion is intended to refer to conceptual (rather than operational) units.

3.2.1

Sydney

All data for the Sydney case study are aggregated to “postal areas” (POAs), reflecting the lowest level of aggregation for which crime data are released by BOCSAR
(the NSW Bureau of Crime Statistics and Research, 2018). POAs are non-ABS units
designed to approximate postcode zones (Australian Bureau of Statistics, 2016c)3 .
In order to maintain focus on urbanised areas (subsection 1.2.2), outer bounds of the
study area are initially constrained to the Sydney “Urban Centre/Locality” (UC/L)
used by the Australian Bureau of Statistics (2016a) to define areas of concentrated
2

A more recent Australian census was conducted following this write-up, on 10th August, 2021.
“Non-ABS units” are areas not used by the Australian Bureau of Statistics (ABS) but created
in order to satisfy the needs of users in merging other datasets with census data. POAs are
approximations of postcodes on the basis that Australia Post does not define geographic boundaries
and, as a result, their definition may vary marginally between organisations. Since 2016, POAs
have been constructed using the smallest ABS-defined structure (the “Mesh Block”), typically
containing 30-60 households in residential areas (Australian Bureau of Statistics, 2009), each of
which is allocated a single four-digit postcode identifier such that no zonal overlaps or gaps occur
in forming POAs.
3
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urbanisation. However, as Sydney’s official limits (defined by the Sydney UC/L)
exceed its distribution of urbanised population, non-urban areas are manually removed (an approach shared by Knupfer et al., 2018). These non-urban POAs are
also those which partially exceed Sydney UC/L limits. Also excluded are those
which are isolated or fail to form neighbours due to the tentacular shape of the
Sydney UC/L. This process is outlined in appendix A.
Figure 3.1 indicates POA boundaries for the 178 polygons comprising the Sydney
study area.

Figure 3.1 has been removed from this version of the Thesis.

Figure 3.1: Postal areas (POAs) in the Sydney study area (n=178)

3.2.2

Chicago

Unlike Sydney, the City of Chicago’s official limits describe consistently urbanised
population distribution (also noted by Knupfer et al., 2018). As such, official City
boundaries are used to define the case study.
Census tracts (CTs) are selected as the local unit of data aggregation. They
were initially proposed as small, stable units by Laidlaw (1906) for health research
purposes and implemented in eight US cities – of which Chicago was one – in the
1910 census. Originally known as “sanitary areas” their widening appeal to other

74

CHAPTER 3. DATA & VARIABLES

3.2. Vector data

research domains resulted in name change in the 1930s (Krieger, 2006). By the 1950s
their use had expanded to numerous research domains including crime, segregation,
social stratification and urban ecology (Swift, 1956). Census tracts today have
inherited many qualities from their early beginnings. Where possible they have been
formed with visible boundaries (roads, canals, railway, etc.) which are stable over
time, contain around 4,000 residents over approximately 1,500 dwellings and exhibit
relative socio-economic homogeneity (Bureau of the Census, 1994). In Chicago, CT
population range is from 0 to over 10,000, and boundaries have remained relatively
constant within the study area, with some splitting outside City limits in response
to growing suburbanisation (University of Chicago Library, 2016). In US crime
research CTs and “neighbourhoods” are often used interchangeably (e.g., Drawve
et al., 2016).
TIGER/Line+ CT-level vector data were obtained from the Minnesota Population Center (2010). This is reduced to 797 tracts, three of which are zero-population
tracts, summarised in appendix B. Figure 3.2 indicates areal boundaries established
for the Chicago study area.

Figure 3.2 has been removed from this version of the Thesis

Figure 3.2: Census tracts (CTs) in the Chicago study area (n=794)
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The dependent variable: Violence

Following from the discussion of violence as the motivating issue (subsection 1.1.3)
this section outlines the quantification of violent crime events.
Crime data have three main sources: (i) officially logged police data – such as
the Uniform Crime Reporting data produced by the Federal Bureau of Investigation
(2004); (ii) calls to police (Warner & Pierce, 1993); and (iii) victimisation surveys –
such as the U.S. National Crime Survey (Bureau of Justice Statistics, 2017; Decker
et al., 1982; Lehnen & Skogan, 1981). This study uses the first – logged police data.
While all three sources of crime data are known to pose different problems, it is
submitted that the focus on violence reduces the problem of “dark figures of crime”
relative to other crime typologies4 .
The majority of violent crime is covered by four broad typologies which are the
basis of most crime reporting: homicide, assault, robbery and rape. These may be
divided into myriad subcategories (in the case of US crime data) or have relatively
coarse typological resolution (as in the case of Australian data)5 .

4

As noted in chapter 1, “dark figures of crime” refer to unreported incidents of crime – either
by failure to report to law enforcement or failure by law enforcement to officially record the report
(Zawitz et al., 1993). In terms of official recording, it is suggested that the profound impact of acts
of violence are such that they are less likely to be affected by either of these failures compared to
crimes against society – such as drug offences and prostitution – or crimes against property – such
as theft and vandalism.
5
“Coarse resolution” in this context does not suggest a disadvantage since ultimately all crimes
of violence are aggregated. In fact, there is greater initial processing cost associated with highresolution datasets as a result. Although preliminary research explored different types of violent
crime, the thesis reports on aggregated violence on the basis that interesting differences were not
revealed and – in the case of homicide – different modelling strategies would need to be invoked
due to its rare-event status.
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3.3. The dependent variable

Sydney

Monthly crime data aggregated to postal areas (POAs) were obtained from BOCSAR (the NSW Bureau of Crime Statistics and Research, 2018) for the year 2016.
Violent crime typologies were extracted and summed to form annual counts and
then converted to incident rates per 100,000 residents. Details are provided in appendix C. Figure 3.3 is a POA-level proportional plot of these rates with circles
located at polygon centroids and radii reflecting rates of violence.

Figure 3.3 has been removed from this version of the Thesis

Figure 3.3: Proportional plot of rates of violent crime per 100,000 residents for
Sydney POAs, 2016 (range = 85.6 - 6,774.6, mean = 732.0)
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Nine POAs with “outlier” values are observed as indicated in figure 3.4; these
are identified as those which exceed 1.5 times the Inter-Quartile Range (IQR) – the
difference between the 75th and 25th quartiles6 . In the Sydney case, such “outliers”
are likely to be the result of an explosion of violent crimes relative to numbers
of residents – arising from a strong “night-time economy” due to entertainment
attractors in Sydney’s Central Business District (CBD) and a strong commuter
demographic in the inner-city workforce (as noted in the case of Melbourne, Victoria,
by Carcach & Muscat, n.d.)7 .

Figure 3.4: Box plot of rates of violent crime for Sydney indicating nine
“outliers” (> 1.5 × IQR) in red; the extreme outlier is POA 2000 in the Sydney
CBD

6

Throughout the thesis the word “outlier” is placed in quotes to indicate that data satisfying
this common statistical use of the term are nevertheless not regarded as erroneous. Identification
as a statistical “outlier” flags a need for investigation. Ultimately, all data are noted as reasonable
contributors to the backdrop of violent crime events despite some having extreme values and, as a
result, no data exclusions are made.
7
The issue of Sydney’s “night-time economy” is briefly considered in concluding chapters.

78

CHAPTER 3. DATA & VARIABLES

3.3. The dependent variable

Figure 3.5 removes the visual dominance of outliers present in figure 3.3 by capping their radii to the maximum value of non-outliers. This reveals early suggestions
of clustering of high values (in central, west and south-west areas) and low values
(to the north).

Figure 3.5 has been removed from this version of the Thesis.

Figure 3.5: Proportional plot of rates of violent crime for Sydney POAs with
radii capped to maximum non-outlier value: red indicates capped outlier POAs;
orange indicates proportional rates for non-outliers
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3.3. The dependent variable

Chicago

Point-based crime data are sourced from the Chicago Police Department (2015).
These are filtered for crimes of violence in the 5-year study period, aggregated to
the CT level, divided by 5 for annual mean counts and finally converted to rates per
100,000 residents. Further details are presented in appendix D.
The box plot in figure 3.6 reveals strongly positively skewed rates, with 14 CTs
identified as “outliers” (> 1.5 × IQR)8 .

Figure 3.6: Box plot of mean annual rates of violent crime for Chicago indicating
strong positive skew including 14 “outliers” (> 1.5 × IQR) in red

8

Again, while such data are certainly extreme, they have been explored and remain included.
Long tails are managed by data transformation rather than by selective inclusion. For example,
the most extreme tract (CT 2718) has a violence rate of over 41,000. However, this emerges as the
result of being a very small tract in a landscape of surrounding – and much larger – tracts with
high levels of violence. It recorded an annual mean of just over 186 violent incidences in an area
of low population with 454 residents over 340 dwellings in a recognised low-income community
(OpportunityDb, 2020). It also includes a high school which is a likely attractor for residents in
nearby tracts. Violence was predominantly assaults; there was one murder in the 5-year period.
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Figure 3.7 is a proportional map of violent crime rates for Chicago CTs9 . “Outliers” are indicated in red, indicating that they occur in the Chicago CBD and in
areas to its west and its south – and appear to cluster with other CTs exhibiting
high rates of violence. Clustering is also evident in tracts with low rates of violence,
visually masked by the correspondingly small radii of the circles.

Figure 3.7 has been removed from this version of the Thesis.

Figure 3.7: Proportional plot of rates of violent crime per 100,000 residents for
Chicago CTs: red indicates outlier tracts; orange indicates non-outlier tracts
(range = 10.7 - 41,145.4, mean = 5,041.0)

9

Unlike Sydney, capping was not applied in the Chicago proportional map as the density of
tracts left the results visually confusing.
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Independent variables

The augmented version of Social Disorganisation Theory (SDT) described in chapter 2 suggests the need for independent variables developed from macro-sociological
data aggregated to appropriate spatial units (section 3.2).
In the case of Sydney, this is available at POA level as census data from the
Australian Bureau of Statistics (2016b); further details are provided in appendix E.
In the case of Chicago, some data are derived from the United States Census Bureau (2010b) but the majority of social data are 5-year estimates from the
ACS (Minnesota Population Center, 2016a, 2016b), as introduced above. Recent
changes to the ACS have been described as providing “precise and timely indicators
of neighborhood disorganization, thereby making these data even more attractive
to the scientific community” (Hart & Waller, 2013, p.16) and are used extensively
in criminological studies (for Chicago examples, Chandar & Dean, 2016; Rukus &
Warner, 2013; Sacra, 2018; Tung et al., 2018). Details are presented in appendix F.
All variables share the same directionality, such that higher values indicate increased risk of socially dysfunctional outcomes such as violence – in accordance with
expectations derived from SDT.

3.5

Disadvantage

Disadvantage is a multifaceted concept that – more than any other included here
– defies singular measures. In addressing this complexity guidance is taken from
two sources. First, from Sampson and Groves (1989) who broaden “disadvantage”
to the concept of (poor) Socio-Economic Status (SES). Second, from Brownfield
(1986) who differentiates SES into a social underclass component – which he associates with concepts such as the “disreputable poor” (including variables such as
unemployment and receipt of welfare) – and “gradational” measures of class where
class membership is based on a threshold applied to a continuous variable (such
as income). Here, the implementation of a variable for disadvantage acknowledges
this multi-dimensionality by incorporating four separate components of low SES:
poverty, unemployment, receipt of welfare and low levels of educational attainment.
Disadvantage and its components are relative concepts in terms of both effect and
presence. For example, levels of education are dramatically different between case
studies and therefore require different thresholds to reflect localised disadvantage.
Such decisions are made on the basis of observations of the data, including their
spatial distribution.
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3.5. Disadvantage

Education

In Sydney, low levels of educational attainment are defined on the basis of persons
aged ≥ 15, no longer attending school, with a maximum level of education of year-10
completion.
In Chicago, useful data exists at lower levels of educational attainment than
applies in the Sydney case and, therefore, this component was established on the
basis of persons ≥ 25 with no formal educational attainment.

3.5.2

Poverty

In Sydney, poverty is defined as persons ≥ 15 with total gross weekly income of
≤ $499. This corresponds to the income component of the Index of Relative Socioeconomic Advantage and Disadvantage (Australian Bureau of Statistics, 2017; Pink,
2006). Lower thresholds were explored but found unhelpful.
In Chicago, poverty is established on the basis of a known “poverty line” and
the metric is founded on persons for whom (i) poverty status is established and (ii)
live below that level.

3.5.3

Unemployment

In Sydney, unemployment is simply derived from the rate of unemployed persons
with respect to the labour force.
In Chicago, unemployment is similarly derived, as civilians ≥ 16 with employment status indicated as “unemployed”.

3.5.4

Welfare

In Sydney, welfare receipt is excluded from the development of an index for disadvantage on the basis that it fails to contribute to an understanding of the concept. It
was explored with Age Pension, Disability Support Pension and Newstart Allowance
(colloquially known as “unemployment benefits”) variously included and excluded
in preliminary studies.
In Chicago, welfare is defined in terms of households in receipt of Social Security
income in the preceding 12-month period.
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3.6. Heterogeneity

Defining Disadvantage

The establishment of Disadvantage as an index uses a simple additive approach10 .
The index construction is similar to that taken by many (Mazziotta & Pareto, 2013),
including the Townsend Index of Deprivation (Townsend et al., 1988) – commonly
used in the UK and adapted for the US by Nagaraja (2015)11 .
The Disadvantage index is constructed from component variables described above
as follows:
1. Component variables are transformed to address distributional skewness as
appropriate – whereas the Townsend Index typically uses normalisation,
Gilthorpe (1995) states that symmetry is more important (and achievable);
2. Variables are z-transformed, z = (x − X̄)/σ; and
3. The mean is taken (rather than a simple sum as for the Townsend Index).
Step 1 is variously applied depending on assessment of skew. Since data are derived
from counts, positive skewness is expected. In the case of Sydney, a weak adjustment is made for positive skew to both poverty and education by use of a square-root
transform and a strong adjustment for positive skew is made by a log(x + 1) transform12 . In the case of Chicago, positive skew was strong for all four components so
a log(x + 1) transform was applied to each.

3.6

Heterogeneity

The broad concept of heterogeneity has been operationalised in other work on the
basis of immigrant composition within a community – such as proportion foreign
born (e.g., Bruinsma et al., 2013; Kelly, 2000; Nieuwbeerta et al., 2008; Ruther, 2012)
or proportion foreign born and arriving within a specified recent period (e.g., Akins
et al., 2009; Vélez, 2009). It is submitted that these are measures of concentration
more than heterogeneity.
Operationalising the concept of heterogeneity is facilitated by two decisions.
The first decision is to use language as the operational data. While heterogeneity is
most commonly expressed in terms of “race” and ethnicity, language is selected for
10

Note that from here-on in, a simple device is employed to separate references to sociological
concepts from references to the variables used to operationalise them. Although context often
suffices, clarity is ensured by indicating variables using initial capitalisation, whereas concepts are
presented in lower case. If this option is compromised by occurring at the start of a sentence,
enclosing quotes identify the variable. Thus, Disadvantage (or “Disadvantage” to start a sentence)
indicates a variable intended to represent the concept of disadvantage.
11
The sub-components of the Townsend Index are: (i) households without a car; (ii) overcrowding; (iii) renter-occupied housing; and (iv) unemployed persons. Despite the different components,
the process of index development for Disadvantage is similar.
12
log(x + 1) was used due to the presence of zeros in the data. This was implemented in R using
the log1p() function which is computationally accurate for |x|  1.
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a number of reasons, principally in that: (i) it is an important indicator of cultural
identity; (ii) it is a potential influence on the development of shared norms that
resonates with the proposal that heterogeneity may generate contradictions at social
and cultural levels; (iii) more fundamentally, the inability to communicate may be a
real barrier to the creation of crime-attenuating social control mechanisms at a local
level; and (iv) the data are readily available from census sources. The second decision
in developing a variable to represent heterogeneity concerns the means of using such
data. For that purpose, Simpson’s Diversity Index (SDI) is used (Simpson, 1949) –
defined below (in equation 3.1)13 . The justification for the use of the SDI is that it
measures diversity as opposed to concentration. Furthermore, the type of diversity
it represents is appropriate to the task at hand. Harrison and Klein (2007) argue the
case for three types of “diversity” — separation, disparity and variety. SDI measures
variety, which is appropriate given that the interest is within-unit differences, the
data are categorical and the idea of maximum diversity corresponds to the ecological
concept of “evenness” (uniform distribution) such that there are equal numbers of
members across many categories.
Thus, Heterogeneity is implemented by Simpson’s Diversity Index applied to
spoken languages as defined by:
Hi = 1 −

L
X

Π2l,i

(3.1)

l=1

where:
 Hi ∈ [0, 1] is the SDI measure of linguistic heterogeneity for area i;
 l, (l = 1, . . . , L), is the identifier for the language of interest amongst a col-

lection of L available languages (including “English only” as a separate category); and
 Πl,i is the proportion of the population speaking language l in area i.

Heterogeneity, Hi , is therefore maximised (with a value approaching 1) under conditions of distributional evenness – when an area is populated by a uniform distribution
of speakers from a large number of different language groups14 . A brief discussion
of the SDI is provided in appendix G.

13

Simpson’s Diversity Index has also been used to represent heterogeneity elsewhere (e.g., Bruinsma et al., 2013; Graif & Sampson, 2009; Hart & Waller, 2013; Hipp, 2007; Nielson et al., 2010;
Nieuwbeerta et al., 2008; Sampson & Groves, 1989; Shihadeh & Barranco, 2010; Snowden & Pridemore, 2012; Vélez, 2009).
14
This is expressed in terms of Hi approaching 1 since the maximum value of 1 represents
“infinite heterogeneity”.
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3.7

3.7. Mobility

Mobility

Mobility represents population flux within a community and the concept is rendered
even simpler by being unconcerned with demographics and the community composition that may arise as a result of such flux. Thus, it is constrained to those aspects of
population dynamics which may be measured by the numbers of residents entering
and leaving a community, i.e., population turnover.
While this simple concept clearly incorporates both in-bound and out-bound
components, the realities of data capture are that while counts of in-migration for
any specific area are readily available, the same is often not the case for counts of
out-migration. In fact, implementations of the concept rarely include out-migration
data.
In Sydney, Mobility is defined in terms of persons ≥ 5 having a different usual
place of residence 5 years prior.
In the case of Chicago, since 5-year ACS estimates were used, a set date was
selected as the basis for determining in-migration defined on the basis of dwellings
occupied by residents who moved between 2000 and 2010, inclusive.

3.8

Family disruption

This concept is simply implemented as a ratio of single-headed families relative to
a universe of total households, a not uncommon proxy for the concept. This aligns
closely with the proposal that single parents have reduced levels of guardianship
of their children (Cohen & Felson, 1979; Sampson, 1987). It is important to contextualise this by the discussion from chapter 2. That is, this is only meaningful
as a structural concept when viewed at a community level, in which local youth
guardianship depends on a network of aggregated family-level control (Felson, 1986;
Sampson & Groves, 1989). Emphasising this “pooled” effect, the variable is typically
referred to in the thesis as simply Disruption.

86

CHAPTER 3. DATA & VARIABLES

3.9

3.9. Urbanisation

Urbanisation

Urbanisation is implemented as a population density measure (residents per km2 ).
This mimics the original implementation by Sampson and Groves (1989)15 However,
the use of area measurements derived from polygon size is confounded by those which
include significant patches of non-residential use – such as entertainment conglomerations, natural landscape, waterways, large industrial estates, etc. Such polygons
result in artificially low estimates of population density. The result is that polygons
identified as “low density” may contain sub-areas of high-density urban development. Since the concept of interest is urbanisation, it is more useful to capture
the density of the urban areas within the polygon than obtain an unrepresentative
average density for the polygon.
Figure 3.8 provides an example from Sydney using POA-2127. Most of this
area is occupied by Sydney Olympic Park and related facilities, with the residential
area confined to the west. Many other POAs in Sydney have similar issues with
waterways and areas of undeveloped natural coverage. The use of classified satellite
data provides a means for identifying urban areas within all polygons, allowing this
area to be used as the denominator in establishing density measurements.

Figure 3.8 has been removed from this version of the Thesis for Copyright reasons.

Figure 3.8: Satellite image of POA-2127 and surrounds (Sydney) – blue lines
indicate POA boundaries: Residential area confined to the west
15

The term “urbanisation” is used throughout this thesis, and is consistent with other observations in the literature. However, since the term represents a process and the thesis reports on
cross-sectional studies, alternatives might be suggested. “Urbanicity” is a strong contender (e.g.,
Dahly & Adair, 2007). Additionally, the use of density as a metric is also commonly applied to
differentiating areas as “urban”, “mixed urban”, “rural”, etc. (e.g., Isserman, 2005).
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The issue is less pronounced in the Chicago case study. However, there are
enough examples of the problem to warrant proceeding with the same approach as
used in Sydney. Figure 3.9 shows CT-838800 – the largest tract in the study area
– evident in the southernmost end of the study. Much of this tract is consumed by
waterways, golf courses and industrial yards.

Figure 3.9 has been removed from this version of the Thesis for Copyright
reasons.

Figure 3.9: Satellite image of CT-838800 and surrounds (Chicago) – blue lines
indicate CT boundaries: Residential area confined to the NNW with the remainder
occupied by an auto impound yard (to the north), an international golf course,
Lake Calumet, industrial yards and park-lands
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As expected, Urbanisation in both case studies exhibits high-value “outliers”.
Chicago provides the most dramatic examples, as demonstrated in box-plots in
figure 3.10.

Figure 3.10: Box plots of urbanisation for Chicago indicating outliers
(> 1, 5 × IQR) in red: 32 outliers (left); 31 outliers after removal of extreme
outlier, GISJOIN identifier G1700310030702
One tract, CT-30702, has a level of density that dwarfs others (leftmost in figure 3.10). Its removal reveals 31 others also classified as “outliers” (rightmost in
figure 3.10). These are investigated to test the veracity of the data. Exploring the
possibility that CT-30702 incorporates erroneous data, figure 3.11 presents a view
of the tract16 .
These “ground truth” observations reveal that the tiny footprint of the tract is
entirely occupied by two residential towers. Accordingly, the density is accepted as
realistic despite its extreme value. The policy of only removing data in the case
that it is found to be erroneous is therefore invoked and long tails are managed by
transformation processes (section 3.10) rather than by data exclusion.

16

A thin red line delineates the tract polygon; it includes only the two southern-most towers.
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Figure 3.11 has been removed from this version of the Thesis for Copyright reasons.

Figure 3.11: Residential towers on Sheridan & Balmoral (Chicago): GISJOIN
identifier G1700310030702, CT 30702; The tract consists solely of the two
southern-most towers (Courtesy of GoogleEarth; KML file created in R and leaflet)

3.10

Variable transformation

Where necessary, attempts are made to improve the symmetry of variables (Gilthorpe,
1995). Pre- and post-transform assessments of skewness and kurtosis are presented
in table 3.1 with further details (including histograms) in appendix I. Also, formulae
used in determining skewness and kurtosis are clarified in appendix H.
In both case studies, Urbanisation exhibits extreme skewness due to the presence
of areas of high density levels. In the Sydney case study, such high “outlier” values
are managed in a twofold process. The first step (referred to as “Urbanisation 1”
in table 3.1) capitalises on the idea that – unlike other variables – it may be reasonable to cap Urbanisation at a maximum value. This is based on the belief that
ever-increasing density no longer represents correspondingly increasing urbanisation
as a concept past a given threshold17 . The question then becomes whether or not a
defensible density may be applied as the ceiling. In the case of Sydney, an empirical
basis for this decision exists, with a ceiling threshold set to the density level of the
city of Parramatta, long touted as Sydney’s “second” CBD18 . The second step (“Ur17

This is abbreviated in the table as “Cap min-max”, indicating that a ceiling is applied to the
empirical distribution prior to employing a simple min-max transform.
18
The result may be regarded as a continuous version of the binary approach used by Sampson
and Groves (1989) – following Hough and Mayhew (1983) – in which dummy variables are used to
indicate areas of identified “urbanisation” (as ‘1’) versus others (as ‘0’).
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Table 3.1: Pre- and post-transformation skewness and kurtosis
Pre-transform
Variable
Chicago
Violence
Disadvantage
Education
Poverty
Unemployment
Welfare
Heterogeneity
Mobility
Family disruption
Urbanisation
Sydney
Violence
Disadvantage
Education
Poverty
Unemployment
Heterogeneity
Mobility
Family disruption
Urbanisation 1
Urbanisation 2

Post-transform

Skewness

Kurtosis

Transform

2.2898
0.2594
1.8369
0.8309
1.6053
0.4252
0.0982
-0.2360
0.3581
19.5795

9.6501
-0.2936
4.2810
0.4936
4.5708
-0.2425
-1.2145
-0.4432
-1.0383
479.3496

log
– none –
log(x+1)
log(x+1)
log(x+1)
log(x+1)
– none –
Reflected SqRt
log(x+1)
log(x)

4.7766
0.3297
0.4103
0.7067
3.0041
-0.3630
1.2896
-0.0297
10.9750

36.3234
-0.3287
-0.5992
1.7764
15.5858
-1.0511
2.3162
2.0270
127.3383

log
– none –
SqRt
SqRt
log(x+1)
– none –
log
– none –
Cap min-max
SqRt

Skewness

Kurtosis

-0.2708

1.0298

1.7623
0.5608
1.3609
0.2216

3.8389
-0.2091
3.2403
-0.4384

-0.1135
0.1025
-0.2603

-0.4732
-1.0985
2.0745

0.0177

0.4054

-0.1691
0.1356
2.6566

-0.3005
0.3754
12.3125

0.3507

0.2565

0.7055
0.2724

-0.7255
-0.7695

banisation 2” in table 3.1) is to apply a square-root transform as a light correction
for remaining positive skew.
Imposing an empirically derived population-density threshold on urbanisation
requires the existence of alternative recognised urban centres within the study area.
Such a strategy is likely to be relevant to polycentric cities such as Sydney19 . Unfortunately, this does not translate readily to the City of Chicago and, as a result,
a log transform was applied as a more conventional approach to managing long
distributional tails.
In all cases where table 3.1 indicates the application of transforms, skewness was
improved. Transforms were experimentally applied to all variables. Therefore, where
the transform is indicated as “none” it represents a failure to improve symmetry
(e.g., due to bimodality). In most of these cases, there was no evidence of strong
asymmetry.
Although distributional normality was not attempted, table 3.2 presents the results of Shapiro-Wilks tests of normality pre- and post-transformation for completeness. While Violence and Mobility indicate normality post-transform in the Sydney
data (α = 0.05), normality was not observed for any variables pre-transformation.
19

Sydney not only has a history of polycentric development, but the polycentric metropolis
appears in numerous visions for its future (e.g., Clark & Moonen, 2016).
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Table 3.2: Pre- and post-transformation Shapiro-Wilks tests
Pre-transform
Variable
Chicago
Violence
Disadvantage
Education
Poverty
Unemployment
Welfare
Heterogeneity
Mobility
Family disruption
Urbanisation
Sydney
Violence
Disadvantage
Education
Poverty
Unemployment
Heterogeneity
Mobility
Family disruption
Urbanisation 1
Urbanisation 2

W

p

0.7855

 0.0001

0.7982
0.9468
0.8949
0.9829
0.9406
0.9908
0.9462
0.2776










0.6365
0.9844
0.9673
0.9611
0.7551
0.9450
0.9143
0.9686
0.1255

 0.0001
0.0446
0.0003
 0.0001
 0.0001
 0.0001
 0.0001
0.0005
 0.0001

Post-transform
Transform

0.0001
0.0001
0.0001
0.0001
0.0001
0.0001
0.0001
0.0001

W

p

log

0.9748

 0.0001

log(x+1)
log(x+1)
log(x+1)
log(x+1)
– none –
Reflected SqRt
log(x+1)
log

0.8055
0.9673
0.9178
0.9912

 0.0001
 0.0001
 0.0001
0.0001

0.9949
0.9598
0.9764

0.0030
 0.0001
 0.0001

log
– none –
SqRt
SqRt
log(x+1)
– none –
log
– none –
Cap min-max
SqRt

0.9919

0.4256

0.9801
0.9829
0.7839

0.0121
0.0282
 0.0001

0.9852

0.0576

0.8919
0.9437

 0.0001
 0.0001

Finally, all variables are subjected to a z-transform, z = (x − X̄)/σ.

3.11

Summary

This chapter has taken concepts raised in previous chapters and quantified them.
Case studies have been defined spatially, in terms of outer bounds and polygons
representing local units of interest – Postal Areas (POAs) for Sydney and Census
Tracts (CTs) for Chicago. This is described more fully in appendices A and B for
Sydney and Chicago, respectively.
Crime data have been identified and processing has been described – forming the
basis for the dependent variable, Violence. This is outlined in detail in appendices C
and D for Sydney and Chicago, respectively. Proportional plots reveal first glimpses
of a landscape of Violence with early evidence of clustering of low- and high-value
polygons.
Social data sources have been discussed and the derivation of associated variables have been outlined. These will be used as the independent variables in later
regression modelling – Disadvantage (and its components), Heterogeneity, Mobility,
Disruption and Urbanisation. This is described further in appendices E and F for
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Sydney and Chicago, respectively.
Finally, time periods for the case studies have been described in terms of data
availability.
This chapter completes the introductory part of the thesis. Prior to spatial
analysis and modelling (in Part III), the ground is set for preliminary observations
of the data just described.
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Part II: Preliminary analysis

94

Two chapters are used to present preliminary analysis of the data. This material is
set aside from that of spatial analysis as a matter of conceptual demarcation as well
as logical flow.

 Chapter 4 summarises the data using descriptive statistics.
 Chapter 5 presents the data in various mapped formats as a means of pre-

liminary exploration of the data in space.
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4
Descriptive statistics

This chapter summarises the data described in chapter 3 using both univariate and
bivariate observations.

4.1

Univariate statistics

Tables 4.1 and 4.2 present descriptive statistics for all variables (as well as component
variables for Disadvantage) for Sydney and Chicago, respectively. As described in
chapter 3 these are z-transformed, so standard deviation is 1 and mean is 0 for
all variables. Additional statistics for skewness, kurtosis and Shapiro-Wilks tests of
normality are included in tables 3.1 and 3.2 for their relevance to the transformations
applied, and histograms are presented in appendix I. These statistics are represented
visually by violin plots in figures 4.1 and 4.2 for Sydney and Chicago, respectively.

4.1.1

Univariate statistics: Sydney
Table 4.1: Descriptive statistics: Sydney

Variable
Violence
Disadvantage
Education
Poverty
Unemployment
Heterogeneity
Mobility
Family disruption
Urbanisation

Min.

Q1

Median

Q3

Max.

IQR

-2.7373
-1.8989
-3.4142
-2.2705
-1.0867
-2.2574
-2.4427
-4.1114
-2.4988

-0.6235
-0.7184
-0.8317
-0.6410
-0.6989
-0.8474
-0.7094
-0.4965
-0.7276

0.1370
-0.0742
0.0856
0.0740
-0.2838
0.1868
-0.0491
-0.0007
-0.2904

0.6404
0.6989
0.7110
0.5969
0.4072
0.8648
0.5653
0.5098
0.7772

3.5372
3.1274
2.3675
3.4600
6.8347
1.4985
3.0116
3.1918
1.7246

1.2639
1.4173
1.5427
1.2379
1.1067
1.7122
1.2748
1.0063
1.5048

“Q1” and “Q3” refer to 1st and 3rd quartiles, respectively. “IQR” = Interquartile Range.

Violin plots are an extension to the familiar “box and whisker” plots proposed
by Tukey (1975). The box – representing the inter-quartile range (IQR) from the 1st
quartile to the 3rd quartile) is indicated in violin plots by the filled bar, the median
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by the white dot, the whiskers (extending to 1.5 × IQR) by fine vertical lines and
“outliers” by the extent to which the filled shape extends past the whiskers.However,
the violin plot adds kernel density estimation to indicate distribution probability via
the (mirrored) sides of the plot. At the risk of increased noise this unmasks qualities
of the variable distribution not discernible in the box plot, such as bimodality.

Figure 4.1: Violin plot of variables (Sydney)
In the case of Sydney, it is evident that two variables proved strongly resistant
to attempts at achieving distributional symmetry (table 3.1 and figure 4.1) – Heterogeneity and Urbanisation1 . These variables also exhibited the largest IQR (table
4.1 and the filled bars in figure 4.1), with Heterogeneity the largest. The capping
applied to Urbanisation – reflecting arguments that there is a point after which it
makes little sense to allow increased density to represent the “more urban” – is
visible in its upper truncation. “Disruption” indicates the smallest IQR but demonstrates large overall spread, both in the plot whiskers and “outliers” (in both upper
and lower extremes).

1

In the case of Heterogeneity, no transform was found to improve symmetry.
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Univariate statistics: Chicago
Table 4.2: Descriptive statistics: Chicago

Variable
Violence
Disadvantage
Education
Poverty
Unemployment
Welfare
Heterogeneity
Mobility
Family disruption
Urbanisation

Min.

Q1

-6.2427
-2.3289
-8.4000
-1.7313
-1.6733
-2.1956
-1.4376
-2.4977
-1.7428
-4.5280

-0.6996
-0.7294
-0.8400
-0.7946
-0.6922
-0.7037
-1.0165
-0.6626
-0.7683
-0.5553

Median
-0.1075
-0.0277
-0.2904
-0.1162
-0.1677
-0.0705
0.0351
0.0164
-0.1350
0.0551

Q3

Max.

IQR

0.8687
0.6885
0.4250
0.6802
0.4911
0.6800
0.8356
0.7382
0.9126
0.6547

2.7038
3.1449
3.7077
3.7077
5.7624
2.7796
2.2678
2.7011
1.7649
5.6529

1.5683
1.4178
1.2650
1.4748
1.1833
1.3838
1.8520
1.4010
1.6808
1.2100

“Q1” and “Q3” refer to 1st and 3rd quartiles, respectively. “IQR” = Interquartile Range.

Figure 4.2: Violin plot of variables (Chicago)
Note that there is a difference in scale between violin plots for Chicago (figure 4.2)
and Sydney (figure 4.1) due to extremes in the lower levels of Violence and upper
levels of Urbanisation.
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In Chicago, Heterogeneity demonstrates the largest IQR – as is the case in Sydney
– followed by Disruption, while Urbanisation exhibits the lowest. In the case of
Heterogeneity, table 3.1 indicates low levels of distributional skew but the violin
plot (and histograms in appendix I) indicate bimodality; this represents relatively
large numbers of tracts which are linguistically diverse and large numbers which are
linguistically homogeneous. The results for Disruption are similar.

4.2

Bivariate statistics

Three representations of bivariate statistics are included: (i) a table of Spearman
rank correlation coefficients for all variable pairs; (ii) a scatter plot of all variable
pairs to visualise these possible associations; and (iii) bag-plots of each structural
variable with respect to Violence. The bag-plot (Rousseeuw et al., 1999) is a bivariate development of the box-plot, to be described in context.

4.2.1

Bivariate statistics: Sydney

Table 4.3 reveals only three Spearman rank-correlation coefficients that are not significant (Mobility-Disruption, Mobility-Heterogeneity and Urbanisation-Heterogeneity).
Two significant associations indicate negative relationships (Disadvantage-Mobility
and Disadvantage-Urbanisation). The three strongest results are for DisruptionHeterogeneity (0.76), Disruption-Violence (0.69) and Mobility-Urbanisation (0.68).
Scatter plots (figure 4.3) provide visual confirmation of the Spearman results
with respect to the directionality and strength of relationships between variables.
This is evident in the linear patterns for the three strongest relationships (MobilityDisruption, Mobility-Heterogeneity and Urbanisation-Heterogeneity), the directionality of the two negative relationships (Disadvantage-Mobility and DisadvantageUrbanisation), and the nondescript arrangement of points in the three insignificant relationships (Mobility-Disruption, Mobility-Heterogeneity and UrbanisationHeterogeneity). Additional observations are indicated. With the exception of its
relationship with Disadvantage, Heterogeneity consistently reveals strong variance
(indicated by spread of points) and non-constant variance – or heteroscedasticity
(revealed by “funnel-shaped” patterns)2 . Although demonstrating a much stronger
association, the relationship between Violence and Disruption also suggests heteroscedasticity; that is, with low levels of Disruption there is greater consistency in
the accompanying levels of Violence but at higher levels of Disruption more variance
in Violence is observed.

2

Heteroscedasticity is raised as a matter of observation and not to suggest problems in the
data. The concept is revisited throughout the thesis, and discussed in the context of regression
residuals in in chapter 8.
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Table 4.3: Spearman rank correlation coefficients, ρs for Sydney
(df = 176)

1.0000

 0.0001

Heterogeneity

0.3862

0.7562

 0.0001

 0.0001

Mobility

0.1979

-0.4669

0.0084

 0.0001

0.2812

Disruption

0.6907

0.4151

0.3588

 0.0001

 0.0001

 0.0001

0.6340

0.3709

-0.2889

0.1045

0.6812

0.2847

 0.0001

 0.0001

0.1664

 0.0001

0.0001

Urbanisation

1.0000
-0.0814

1.0000
-0.0360

Top line in each cell is ρs ; italicised bottom line is p-value.
Bold ρs entries indicate significance at α = 0.05.

Figure 4.3: Bivariate scatter plots (Sydney)
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Bag-plots (figure 4.4) are interpreted as follows (described in terms of box-plots,
which they generalise). The “bag” is the central (darker) shape, a convex hull of
(at most) 50% of the data with the (red) asterisk at its core indicating the location
median3 . Similar to “whiskers” in box-plots, the outer hull encapsulates data within
a set inflation factor of the bag (by a factor of 3, as is typically the case). Points
outside (indicated in red) are designated “outliers”.
The obvious benefit provided by bag-plots for Sydney (figure 4.4) over scatterplots (figure 4.3) arises from focus on the contributions of the most central data
points (within the “bag” itself). In the case of Disruption little is added. A strong,
positive association with Violence is apparent. However, with the exception of Mobility, all data points within the “bag” of other variables demonstrate some measure
of positive association with Violence that was not previously evident.

Figure 4.4: Bag plots for structural variables vs. Violence (Sydney):
Top row: Disadvantage, Heterogeneity, Mobility;
Bottom row: Disruption and Urbanisation (left-to-right)

3

Without venturing into computational geometry or linear programming, these concepts are
dependent on the notion of “Tukey depth”, named after the work of John Tukey in developing the
box-plot (Tukey, 1975) and bag-plot (Rousseeuw et al., 1999). Tukey depth (or “location depth”)
is a means of determining the centrality of a data point within a cloud. Informally, the Tukey
depth of a point, p, is the smallest number of points that can be grouped by a half-plane which
also contains p. Thus, in constructing the “bag”, points with highest Tukey depth (of at most
50%) are included and the bag itself is a convex hull of such points. Furthermore, the “location”
median is determined to be the point with the highest Tukey depth.
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Bivariate statistics: Chicago

Table 4.4 presents Spearman rank coefficients for all Chicago variables. Only the
relationship between Mobility and Violence was found to be insignificant. Five pairs
of variables indicated sizable significance: Disruption-Violence (0.77), DisadvantageViolence (0.64), Heterogeneity-Violence (-0.59), Disadvantage-Disruption (0.59) and
Heterogeneity-Disruption (-0.54). Eight relationships demonstrated significant negative associations.
Spearman coefficient results are confirmed in observations of scatterplots (figure 4.5), especially evident in the strength of associations with Violence. The presence of two outliers visually compresses the remaining data points for Urbanisation
plots, but the negative relationship with Violence as indicated in Spearman ρs results is evident. The association between Disadvantage and Disruption is clearly
positive, although less so than the relationship that Disruption indicates with Violence. The remaining plots indicate considerable variance, with some evidence of
heteroscedasticity (e.g., with Disadvantage-Mobility).
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Table 4.4: Spearman rank correlation coefficients, ρs for Chicago
(df = 792)

1.0000

 0.0001

Heterogeneity

-0.5904

-0.3887

 0.0001

 0.0001

Mobility

-0.0646

-0.3654

0.1582

0.0687

 0.0001

 0.0001

Disruption

0.7746

0.5881

-0.5408

 0.0001

 0.0001

 0.0001

0.0099

-0.3359

-0.2502

0.2554

0.4519

-0.2016

 0.0001

 0.0001

 0.0001

 0.0001

 0.0001

Urbanisation

1.0000
1.0000
-0.0915

Top line in each cell is ρs ; italicised bottom line is p-value.
Bold ρs entries indicate significance at α = 0.05.

Figure 4.5: Bivariate scatter plots (Chicago)
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Bag plots for Violence relative to other variables in Chicago (figure 4.6) are
less revealing than in the Sydney case in that they reflect expectations based upon
Spearman rank correlation coefficients (table 4.4) and scatter plots (figure 4.5).
They indicate positive associations with Violence by Disadvantage and Disruption,
negative associations with Violence by Heterogeneity and Urbanisation, and no clear
association between Violence and Mobility. Unlike bag plots for Sydney, in Chicago
variables the “bag” conforms to the overall orientation and dimensions of points
in the outer hull and, therefore, no additional information is derived relative to
correlation statistics and scatter plots.

Figure 4.6: Bag plots for structural variables vs. Violence (Chicago):
Top row: Disadvantage, Heterogeneity, Mobility;
Bottom row: Disruption and Urbanisation (left-to-right)

4.3

Multicollinearity

This chapter concludes with a discussion of variable multicollinearity on the basis
that it is sometimes presented as a serious threat to regression analysis and modelling. One means of highlighting those concerns is by posing the question, “Why
not just include every conceivable independent variable of potential relevance?” The
answer lies in terms of the likelihood of many included variables being highly correlated which, in turn, makes the identification of important effects difficult and
causes bias in effect size and parameter estimates. This can result in over-fitted
models and out-of-sample predictions with poor outcomes. This prompts a number
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of comments.
The first is to note that the adopted research strategy is not predictive but
exploratory and explanatory (outlined in subsection 1.4.1, and flagged for further
discussion in section 8.3). Out-of-sample prediction does not feature in the research.
The argument is simplified by considering the explanatory research strategy. A
theoretically driven context might suggest that variables “A” and “B” impact upon
“C”. In that case, the inclusion of variables “A” and “B” is pre-determined as
driving the work. In such instances, moderate levels of multicollinearity between
independent variables may be tolerated and processed as a result rather than a
threat4 .
Second, there are instances where strongly collinear variables are maintained
within a study for pragmatic reasons – rather than theoretically derived ones. For
example, unemployment and welfare may contribute to the measurement of disadvantage, despite exhibiting strong collinearity5 . In such cases, the benefits of multivariate analysis in the face of high levels of collinearity may be resolved by combining
the variables into a composite – as described in chapter 3 for Disadvantage. Since
analysis and modelling proceeds using the compound variable, multicollinearity of its
components is masked – a single variable is used in place of its multiple components.
Third, there are many other reasons where strong multicollinearity is not only
tolerated but expected (Allison, 2012). One example is where products of variables
or interaction effects are used. Another is where dummy variables are used to
represent categorical variables. The latter is included later in the thesis and as a
result of this expectation, no mention is made of multicollinearity in that context.
Finally, based on Variance Inflation Factor (VIF) results, multicollinearity does
not appear to be an issue in the variables for either case study6 . The wording
is cautious to reflect the fact that different sources report different thresholds as
acceptable. Table 4.5 presents VIF results for all independent variables.

4

Due to the reduction in explanatory power it is, of course, a result that requires cautious
interpretation in terms of the theoretical framework from which the variables were derived, but
that becomes a matter of interpretation rather than early rejection of the design.
5
This disarms the critique that collinear variables “tell the same story” by suggesting that
there are occasions where they contribute differently to the same story. In such cases, removing
one (or more) of the variables undermines the measurement of the concept of interest.
6
The VIF is the inverse of the measure of “tolerance”, which is determined simply by 1 − R2 ,
where R2 is the amount of independent variable explained by other independent variables in linear
regression. The result is a value with a lower bound of 1 and no upper bound, where increasing
results are used to suggest higher levels of multicollinearity.
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Table 4.5: Variance Inflation Factor (VIF) statistics for social variables
Component

VIF

Sydney

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Mean:

3.6165
2.6091
2.0457
1.6350
2.6398
2.5092

Chicago

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Mean:

1.7476
1.4823
1.3256
1.9750
1.2215
1.5504

It is apparent that Sydney consistently presents higher VIF results than Chicago.
However, heuristics need to be applied to interpret the outcomes for multicollinearity. One source in the R documentation states that V IF ≤ 5 is uncritical (Fox &
Weisberg, 2019). Another source suggests that 10 is the threshold for multicollinearity (Nakazawa, 2019). Finally, Grekousis (2020) proposes the following:
 1 ≤ V IF ≤ 4: no collinearity;
 4 < V IF ≤ 10: investigation suggested;
 10 < V IF : severe collinearity.

According to all of these guidelines multicollinearity is not an issue for variables
used in the research7 .

4.4

Summary

This chapter has provided a descriptive account of all variables, with an emphasis
on the use of visual representation to augment numerical summaries. Univariate
description was followed by bivariate description, with additional emphasis on the
relationship of independent variables to Violence via the use of bag plots. Finally,
multicollinearity was raised as a potential threat and ultimately dismissed on both
theoretical grounds and Variance Inflation Factor measurements.
The principal observations for variables are as follows.
Large interquartile range is associated with resistance of variables to symmetry
and bimodality. This was largest for Heterogeneity in both studies, followed by
7

As a matter of transparency, component variables of Disadvantage revealed only one with a
VIF in excess of 4.0, namely Poverty in Sydney (VIF of 4.47). However, as previously discussed,
this is rendered irrelevant by the use of Disadvantage as a compound variable.
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Urbanisation in Sydney and Disruption in Chicago.
With respect to their relationship to Violence in both case studies, all structural variables are significant (α = 0.05) except for Mobility in the Chicago case.
All significant correlations to Violence are positive, except for Heterogeneity and
Urbanisation in Chicago. The strongest correlations with Violence are from Disruption (in both case studies) and, additionally, Disadvantage and Heterogeneity (in the
Chicago case study) – noting again that Heterogeneity exhibits negative correlation.
Bag plots provide no additional information to that obtained from Spearman
coefficients in the Chicago case. However, the situation is different for some variables
in the Sydney case where the most central values (those within the “bag”) provide
some indication of positive association within the otherwise non-directional scatter
plot occurring within the outer hull; this new information is evident in plots for
Disadvantage, Heterogeneity and Urbanisation. In the case of Disruption – which
has the highest Spearman correlation with Violence – the bag plot for Sydney is
consistently positive while that for Mobility – which has the lowest correlation with
Violence – is consistently non-directional.
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This chapter extends preliminary observations of the data described in the previous
chapter into the spatial domain. Three types of map are used to explore spatial
distribution of variables of interest: (i) maps of count data; (ii) maps of binned data
(choropleths); and (iii) maps of relative ratios (“Location Quotients”).

5.1

Maps of high-count locations

In this section, areas with high counts of violence are mapped1 . This is an exploratory response to numerous assertions that the majority of urban crime occurs
in a small number of locations (e.g., Spelman, 1995; Weisburd, Groff, & Yang, 2009;
Weisburd et al., 2004), which is the basis for the identification of crime “hotspots”.
Maps are produced by performing a descending sort on counts of violence, determining a cumulative sum of counts and selecting a threshold of interest – in this case,
50% – such that all areas which contribute to reaching that threshold are indicated2 .
The result is a map of the smallest number of areas responsible for (approximately)
50% of the violence. The same approach was applied to population counts.
In the case of Sydney (figure 5.1), only 25 POAs (out of 178 = 14.04%) account
for 50.25% of counts of violence, while 47 POAs account for 50.08% of the population.
Two observations are made. First, there is considerable visual clustering of highviolence-count POAs. Second, in comparing violence (left) to population (right) it
is apparent the POAs with the highest counts of violence are a subset of the POAs
with the highest counts of population.
1

This may appear to be guilty of one of the cardinal sins of mapping – the mapping of counts
rather than rates. If the maps were choropleths then the the mapping of counts in non-uniform
polygons comes with substantial risk of visually misrepresenting the underlying information. However, in this case binary mapping is used; polygons are either of interest (coloured) or not (uncoloured). Additionally, maps of high counts of violence are accompanied by maps of high counts
of population which provide a basis for inspecting spatial aspects of their relationships, if any.
2
The decision as to whether include or exclude the first polygon to breach the selected threshold
– leaving the cumulative sum just over or just under the threshold, respectively – was made in
favour of inclusion.
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Figure 5.1 has been removed from this version of the Thesis.

Figure 5.1: POAs in Sydney accounting for just over 50% (50.25%) of violent
crime (left) compared to POAs accounting for just over 50% (50.08%) of
population (right)
Figure 5.2 applies the same process to Chicago data. It reveals 169 CTs with
the highest counts of violence (out of 794 tracts = 21.28%) account for 50.03% of
all mean annual violence in Chicago over the study period (left). Also, 247 CTs
account for 50.04% of the population count (right). Again, the diagnostic scope is
limited, but two observations follow – in accordance with those made for the Sydney
case. The first confirms substantial clustering of high-violence tracts as noted for
Sydney. The second – based on a comparison of violence and population maps –
departs from those of the Sydney case. Whereas in Sydney high-violence polygons
are accounted for as a subset of high-population polygons, the opposite appears to
be true for Chicago. Although there is some overlap, in the majority of cases tracts
with the highest counts of violence and those with the highest counts of population
appear to be mutually exclusive or “repellent”.

Figure 5.2 has been removed from this version of the Thesis.

Figure 5.2: CTs in Chicago accounting for just over 50% (50.03%) of violent
crime (left) compared to CTs accounting for just over 50% (50.04%) of population
(right)
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Choropleth maps

Choropleth maps – and Crime Location Quotient maps which follow – are rendered
without polygon borders for improved readability; figure 5.3 provides reference maps
for convenient interpretation at the local scale3 .

Figure 5.3 has been removed from this version of the Thesis.

Figure 5.3: Reference maps: Sydney (left) and Chicago (right)
(Black indicates zero-population)
Figure 5.4 presents choropleth maps for all Sydney variables4 . While dependent
on a number of factors (distributional characteristics, the number of bins, algorithms
used for determining breaks, etc.), choropleths provide a preliminary view of the
spatial distribution of data5 . Maps in figure 5.4 suggest degrees of non-randomness
for all Sydney variables. There is also indication of spatial correspondence between
Violence and some variables (most evidently Disruption, but to a lesser extent Disadvantage and Heterogeneity). The spatial distribution of Mobility has little apparent
relationship to that of Violence, while Urbanisation appears to bear some spatial
similarity to Violence in the east only.
3

Figures 3.1 and 3.2 provide a point of reference for map orientation and scale via latitudinal
and longitudinal markers on the axes. Figure 5.3 uses an alternative representation using a “north
arrow” and a 5-kilometre scale-bar for each map.
4
The use of raw counts for violence is constrained to the production of maps for section 5.1;
from here-on in, reference to Violence strictly indicates variables derived as outlined in chapter 3.
5
Throughout the thesis, all choropleths are 5-bin quantile maps where generated from the
data-sets. Cut-points based on quantiles were found to be most representative of underlying data.
Equal-interval cut points (where maximum and minimum values are divided by the number of bins)
suffer with long-tailed distributions as the small number of areas in the tail consume many bins
which leave most of the map represented by just a few classes. Percentiles coerce area allocation
to an equal number of bins which can mask extremes. Bin allocation based on standard deviations
represent distances relative to the mean, which suggests a possibly unreasonable assumption of distributional normality. Other types, such as Jenks, were explored but found to be less representative
than quantile-based allocation. However, where choropleths are generated by models, cut-points
are used from the data-generated choropleth for comparison. These are reproduced using quantile
cut-points in appendix Q.
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Choropleths are provided for Chicago in figure 5.5. Again, strong evidence of spatial non-randomness is apparent in all maps. Indications of spatial correspondence
with Violence exist for Disadvantage and Disruption, with negative correspondence
by others – most clearly by Heterogeneity but also evident with Urbanisation.
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Figure 5.4 has been removed from this version of the Thesis.

Figure 5.4: Choropleth maps for Sydney (top to bottom, left to right):
Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence. Black = zero-population CTs
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Figure 5.5 has been removed from this version of the Thesis.

Figure 5.5: Choropleth maps for Chicago (top to bottom, left to right):
Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence. Black = zero-population CTs
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Crime Location Quotient (LQC) maps

The Location Quotient is a visualisation tool used in Regional Science research and
planning (Klosterman et al., 1993; Miller et al., 1991); its introduction to criminology
is credited to Brantingham and Brantingham (1997). The Crime Location Quotient
(LQC) is defined here as:
LQCsi =

Csi/Ct

i

Pn

Pn
j=1 Csj/

j=1

(5.1)
Ctj

where:
 i is the local area identifier;
 Csi is a count of crime events of crime s in area i;
 Cti is a count of all crime events in area i; and
 n is the total number of areas.

Informally, it is simply the ratio of local crime rates to global crime rates. These
“rates” need not be with respect to population and may be used to provide a view
on the spatial distribution of a subset of crime relative to a backcloth of a superset
of crime (e.g., violent crime relative to all crime) rather than as a proportion of
population density; local rates are then expressed relative to the rates for the overall
study area6 .
The LQC is dimensionless and interpreted relative to ‘1’. An area i with LQCsi =
1 indicates a situation where local rates for area i equal that for the global rate.
Where LQCsi > 1 the local rate exceeds the global rate; furthermore, the excess
relative to 1 determines percentage above the global trend such that 1.3 would
indicate a 30% increase in local rates over global ones. The reverse applies to results
below 1. As dimensionless units, mapping requires break points which transform the
continuous data into nominal categories. The following scale is used in classification,
based on that of Miller et al. (1991) in applying the Location Quotient to economic
purposes:

6

The relative nature of the metric flags the LQC as a useful tool in exploring local reactions to
crime where such reactions are typically framed by expectations derived from the broader region.
As such, it is particularly useful for research into issues such as fear of crime and media construction
of crime (Brantingham & Brantingham, 1997).
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 0.0 ≤ LQCsi ≤ 0.7: highly under-representative;
 0.7 < LQCsi ≤ 0.9: moderately under-representative;
 0.9 ≤ LQCsi ≤ 1.1: similar;
 0.1 < LQCsi ≤ 1.3: moderately over-representative; and
 1.3 < LQCsi : highly over-representative.

The classification becomes a basis for map representation using divergent colour
schemes to indicate under- or over-representation7 .
Figure 5.6 presents LQC maps for Sydney. Each level represents a broad spectrum of crime typology. The top level maps property crime (e.g., vandalism, theft),
the middle level maps “crimes against society” (e.g., prostitution, drug use) and the
lower level maps crimes of violence. Such crimes form the subset, s, in equation 5.1.
The superset, t, separates the left-hand maps from the right-hand: on the left this
is the population count whereas on the right it is the total of all crimes recorded.

7

Note alternative uses of the LQC which alter the denominator to reflect other interests such
as area of parkland (Jiang, 2017), land-use (Sypion-Dutkowska & Leitner, 2017), or the presence
of various “economic units” such as bars, banks, etc. (Aguilera, 2020) or police-monitored CCTV
(Darcan, 2012). These uses of the LQC extend the subset-superset relationship described above
and broader definitions may be more appropriate, such as that given by Caplan (2010, p. 79)
who defines it as “. . . an index for comparing an area’s share of a particular activity with the
area’s share of some basic or aggregate phenomenon.” In such uses, classification may also need to
be reconsidered, commonly representing crime attractors and detractors as follows (e.g., SypionDutkowska & Leitner, 2017): LQC > 3 = strong attraction; 1.1 > LQC ≤ 3 = attraction;
0.9 > LQC ≤ 1.1 = lack of influence; 0.5 > LQC ≤ 0.9 = detraction; and LQC ≤ 0.5 = strong
detraction. This is a completely different application of the LQC to that used here. It has been
noted for completeness but also for its relevance to future work indicated in chapter 13, where
alternative crime theories are mentioned (notably, “Broken Windows” theory) in which variables
may include counts of abandoned vehicles, reported garbage, abandoned buildings, broken utilities,
etc., based on 311 calls within Chicago.
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Figure 5.6 has been removed from this version of the Thesis.

Figure 5.6: Crime Location Quotient (LQC) maps for Sydney (top-left to
bottom-right): Property crime relative to population; Property crime relative to
all crime; Crimes against society relative to population; Crimes against society
relative to all crime; Violent crime relative to population; Violent crime relative to
all crime. Orange = very over-represented; light orange = over-represented;
off-white = similar; light blue = under-represented; blue = very under-represented

116

CHAPTER 5. PRELIMINARY OBSERVATIONS

5.3. LQC maps

The first observation from Sydney LQC maps in figure 5.6 is that there are no
maps in which there are a substantial number of areas classified as indicating similar
rates as the global study region (i.e., white areas) – with the possible exception of
the bottom-right map. This suggests a situation in which the global study area is
unrepresentative of its constituents. In many cases the majority of areas are either
very under-representative of the global situation or very over-representative of it.
The second observation is that all maps with respect to population (left-hand
side) exhibit a degree of similarity. For all broad crime types there appear to be
swathes of relatively high-density crime to the west and south-west and relatively
low-density crime in an east-to-west belt to the north. These basic patterns are
repeated in the LQC map of “crimes against society” relative to total crimes (midright).
The third observation relates to comparisons between maps based on broad crime
typologies relative to population (left) and those relative to total crime (right).
“Crimes against society” (middle layer) are noted as exhibiting little substantial
change between rates based on population (left) and rates based on total crime
(right). This is both interesting and useful. It is interesting because it finds that
where this type of crime exhibits low rates with respect to population it is also a
relatively uncommon type of crime; that is, it accounts for only small amounts of
overall crime. This is evident in the (blue) band in the north, for example. Conversely, where “crimes against society” have high rates with respect to population it
accounts for a lot of crime incidents present in the data. This is evident in patches
of orange to the west and a swathe of orange to the south-west. It is useful because
it therefore means that where “crimes against society” exhibit low rates with respect to population, incidents of other types of crime (violence and property crimes)
must be high, and vice versa. This leads directly to a consideration of “crimes of
violence” and “crimes against property” in terms of the extent to which “crimes
against society” consume incidents of total crime. Immediately, a comparison is
made with property crime relative to all crime (top-right). This appears to be an
inverse relationship. That is, where “crimes against society” form a relatively low
rate of all crimes then property crimes are high, and vice versa. The strength of
this apparently inverse relationship is so visually striking that it might be expected
that crimes of violence will not be explained by either of these crime types. This
is exactly what is revealed in the map of crime of violence relative to all crimes
(bottom-right), which gives the appearance of more random distribution than is
evident elsewhere.
With violence the focus of the study, this excursion reveals aspects of its distribution that may otherwise be obscured. Two observations emerge from the discussion
above. The first is that the spatial distribution of violent crime with respect to population is similar to that of “crimes against society” and property crimes (left-hand
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side of figure 5.6). The second is that, as a proportion of all crimes in the data
(right-hand side), violence appears randomly distributed whereas “crimes against
society” and property crimes are inversely related8 .
Figure 5.7 provides LQC maps for Chicago. As with Sydney, there is evidence of
similar distributions of all three crime typologies with respect to population, relative
to global rates (left). Also, lack of white polygons again reveals that there are
very few tracts which are representative of global rates. However, the relationship
between spatial distributions relative to total crimes (right) are demonstrably less
stark than the Sydney case. For both “crimes against society” and violent crimes,
similar distributions are indicated in population-based distributions, although with
reduced levels of extreme values (evident in muted shades and increased number of
white polygons compared to Sydney). Relative property-crime distribution appears
to have an inverse spatial relationship to other typologies.
The relevance of these observations for violent crime in Chicago are as follows.
First, relative to population it shares similar distribution to other crime typologies.
Second, the spatial distribution of these rates presents a landscape of extremes,
where global rates are representative of very few tracts. These two observations are
shared for Sydney. Unlike Sydney, the relative rates of violent crime with respect to
total crime do not suggest randomness. Although such rates are less extreme than
population-based rates, the spatial distribution is similar. Finally, this spatial distribution resembles that for “crimes against society” and has an inverse relationship
to property crimes.

8

Given that these three crime typologies collectively represent the full set of crime incidents in
the data, the predictive element that describes the relationship between “crimes against society”
and property crimes is such that violence appears as that which remains unaccounted for.
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Figure 5.7 has been removed from this version of the Thesis.

Figure 5.7: Crime Location Quotient (LQC) maps for Chicago (top-left to
bottom-right): Property crime relative to population; Property crime relative to
all crime; Crimes against society relative to population; Crimes against society
relative to all crime; Violent crime relative to population; Violent crime relative to
all crime. Orange = very over-represented; light orange = over-represented;
off-white = similar; light blue = under-represented; blue = very under-represented
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Summary

This chapter has presented preliminary explorations of the data within a spatial
context, via three approaches to mapping.
Maps of high-count polygons confirm widely held beliefs that most violence occurs in a small number of areas. They also reveal evidence that these high-count
polygons are non-random and cluster in space. Finally, areas with high counts of violence share different relationships with areas with high counts of population. In the
Sydney case, the most violent POAs occur in the most populous POAs; this suggests
the possibility that high levels of population may be attractors for violence. The
Chicago case inverts this relationship. Tracts with highest counts of violence and
tracts with highest counts of population typically have different spatial distributions
suggesting more of a repellent relationship.
Choropleth maps reveal evidence of spatial clustering for all variables in both
case studies. Additionally, the spatial distribution of Disruption appears to closely
correspond with that of Violence in both studies, with Disadvantage also similar.
In the Chicago study there is also evidence of negative spatial relationships with
Violence, principally with Heterogeneity but to a lesser extent with Mobility. Unlike
Chicago, Sydney demonstrates no clear inverse relationships, and Heterogeneity
shares some spatial characteristics with Violence. Such observations resonate with
non-spatial descriptive statistics presented in chapter 4.
Finally LQC maps reveal relative distributions of violence from a number of perspectives: (i) with respect to population; (ii) with respect to total crime; and (iii)
in comparison with other crime typologies. In both studies, rates of violent crime
with respect to population are strongly polarised relative to global rates. Furthermore, these extremes exhibit clustering. Additionally, both studies indicate that
population-based rates of violent crimes demonstrate similar distribution patterns
to those of “crimes against society” and property crimes. However, Sydney and
Chicago differ in how violent crimes are distributed when mapped as rates of total
crimes. In Sydney, the distribution presents as random; in Chicago, the distribution
presents as having similar spatial characteristics to population-based rates, except
that rates are considerably less extreme.
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Spatial modelling and analysis is presented over four chapters.

 Chapter 6 introduces the concept of spatial auto-correlation as the founda-

tion for spatial analysis. Variables are examined for the presence of spatial
autocorrelation at global and local levels.
 Chapter 7 presents a suite of spatial models used in the research, as well as

means of model selection and diagnostics used to assess suitability.
 Chapter 8 provides the results of spatial modelling and associated diagnostics.
 Chapter 9 interprets the results in the context of spatial analysis, deferring

the criminological aspects of that discussion to Part V of the thesis.
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6
The challenge of spatial autocorrelation

Many data are inherently “spatial” by virtue of the pairing of locational data with
attribute data, as with variables presented in chapter 3. While preliminary spatial
observations of these data have been presented in chapter 5, they exclude a pivotal
concept – spatial autocorrelation. It is suggested that this concept is so fundamental
to the work at hand that its introduction in this chapter marks the transition from
analysis of spatial data to the spatial analysis of spatial data.
First, spatial autocorrelation is defined and the claim for its critical role in spatial
analysis is defended. Then a brief digression is presented to affirm the context in
which the analysis takes place. This begins with an account of “spatial econometrics”
as a methodological framework for all work presented in this part of the thesis.
This leads directly to a definition of areal statistics which, in turn, demands a
discussion of the manner in which spatial neighbours are created. At this point,
the foundations are in place to present an account of the techniques for assessing
spatial autocorrelation, which is followed by the results of the application of these
techniques to the data described in chapter 3.

6.1

Spatial autocorrelation: Introduction

Spatial autocorrelation is defined as1 :
. . . the correlation among values of a single variable strictly attributable
to their relatively close locational positions on a two-dimensional (2D) surface, introducing a deviation from the independent observations
assumption of classical statistics.
1

A search for this definition – possibly excluding the parenthesised “2-D” component – identifies dozens of publications where it is used verbatim, without evidence of quotation and without
acknowledgement. In fact, the only source that followed this definition with a citation (Li et al.,
2012) was for a reference where the definition was never used (Diniz-Filho et al., 2003)! As the
earliest reference using similar wording, it may be attributable to Griffith (2003, p.3) although
if that is the case he also does not attribute its usage to himself in later works. It is suggested
that this definition has slipped into common usage to the point where conventions of academic
acknowledgement can no longer be clearly applied.
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Given it’s centrality in the research, an alternative definition is warranted, in this
case from the geo-statistical literature, unconstrained to two-dimensional surfaces
and praised by Getis (2008) for its conciseness; Hubert et al. (1981, p.224) define
spatial autocorrelation as follows:
Given a set S containing n geographical units, spatial autocorrelation
refers to the relationship between some variable observed in each of the n
localities and a measure of geographical proximity defined for all n(n−1)
pairs chosen from n.
Tobler’s (1970) “First Law of Geography”, which states that the relatedness of
objects (and events) is increased by proximity, is a more colloquial rendering of the
same concept2 . An example of an empirical realisation of this concept comes from
Sampson (2003) who notes that for Chicago crime data, census tracts with high
homicide rates tended to be adjacent to tracts with similar characteristics. Such
observations suggest the presence of spatial autocorrelation and – as indicated in
the first definition – this poses problems for traditional statistics. Foreshadowing
more in-depth discussion of these issues in following chapters, two assumptions for
standard linear regression (ordinary least squares) are violated by the presence of
spatial autocorrelation. The first is the assumption of uncorrelated residuals which
is violated by the fact that proximal locations will exhibit associated error terms.
The second is the assumption of independent observations which is violated by the
fact that influences exist between observed attribute data in proximal locations. The
effect of these violations is that standard linear models are biased and inefficient.
The importance of autocorrelation has been so prominently attached to the work
of spatial analysis (e.g., Getis, 2008) that any suggestion of it not being a defining
aspect of spatial analysis seems ill-conceived. However, despite the obvious relevance of the concept to spatial analysis, Schabenberger and Gotway (2005) remind
that autocorrelation neither defines spatial data nor cleanly divides traditional and
spatial modelling techniques. This is acknowledged. However, it is submitted that
the presence of autocorrelation in spatial data is so likely and its impact potentially
so dramatic that spatial analysis is defined by a need to engage with the concept
and incorporate methods of detection and compensation as appropriate. In that
sense, chapters 4 and 5 do not qualify as spatial analysis despite excursions into
the analysis of spatial data. On the other hand, work presented in this part of
the thesis is representative of spatial analysis in its incorporation of the concept of
spatial autocorrelation into methodological processes. This is evident in the thesis
as follows:
2

Elsewhere, similar definitions are applied to “spatial dependence”. Spatial autocorrelation is
recognised as a weaker expression of spatial dependence. However, following Anselin (2001) they
are used interchangeably within the context of this thesis, which is also common practice in the
literature.
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 The presence of spatial autocorrelation is investigated for all variables in the

latter part of this chapter;
 Testing for spatial autocorrelation is a diagnostic procedure in assessing all

models throughout this part of thesis;
 The use of spatial models to address spatial autocorrelation is described in

chapter 7 and the results of spatial modelling are presented and interpreted
in chapters 8 and 9; and
 An example of using a (non-spatial) standard linear regression model is pre-

sented in chapter 11. This is a good example of how a non-spatial method
qualifies as an outcome of spatial analysis on the basis that spatial autocorrelation was considered as part of the selection process.
Moving past what Griffith (2009) refers to as the “literal” interpretation of spatial
autocorrelation as “self correlation” there are a number of real-world factors that
account for its presence via underlying structural influences. For example, in their
examination of violence and homicide in Chicago, Sampson and Morenoff (2004)
provide three reasons for anticipating the existence of spatial dependence: (1) the
artificiality of jurisdictional and neighbourhood boundaries (such that social processes are likely to permeate them); (2) a greater likelihood of offending closer to
home (and also that such crimes are proximal to conditions such as poverty that
may exacerbate offending); and (3) crimes of violence are interpersonal and therefore
open to diffusion processes such as retaliation.
Crime event data are inherently spatial, mandating analytical processes which
explore the potential presence and influence of spatial autocorrelation. Criminology
has attracted some early criticism from its slow adoption of spatial analytic research
methods (Morenoff et al., 2001). More recently, Townsley (2009) has added that
despite recent promising trends criminology is still catching up with the implications
of “The problem of spatial autocorrelation” by Cliff and Ord (1969). While spatial
analytic methods assert increasing influence on criminological research, its presence
remains considerably lower than might be expected from the nature of the data.

6.2

The “spatial” in spatial econometrics

Thus far the term “spatial econometrics” has escaped scrutiny. Its role as a defining
aspect of the body of the research is now briefly discussed.
With respect to the “econometrics” part of the term it is worth noting that
here it identifies methodological developments which occurred in historical contexts
defined broadly by the disciple of econometrics. In the current context, “spatial
econometrics” identifies a methodological platform and does not suggest any neces-
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sary relationship to economics as a discipline. Furthermore, econometric concepts –
such as “externalities”, “exogenous” / “endogenous” factors, etc. – are not required
in this work and are replaced by appropriate alternatives which are defined in situ.
This use of “spatial econometrics” as a methodological reference is not uncommon3 .
Thus, the “spatial” qualifier in “spatial econometrics” has considerable bearing
on methodological proceedings. In particular, it frames four practices evident in this
part of the thesis, as follows:
 A focus on areal statistics: This is defined in the following section of this

chapter;
 Consideration of spatial autocorrelation: This is introduced in the current

chapter and permeates all proceedings following it;
 The use of spatial regression models: This is introduced in chapter 7 and

results presented in chapter 8; and
 Application of appropriate interpretation:

This is the basis for chapters 8

and 9.

6.3

The domain of areal statistics

Spatial statistics are commonly presented according to a broad tripartite division
(e.g., Cressie, 1993) – point-process statistics, geostatistics and areal statistics. It
has already been indicated that the use of spatial econometrics flags a focus on areal
statistics. This is described informally using point-process statistics and geostatistics
for comparison. It is worth bearing in mind that while the discussion progresses from
geographical units that increase in size from points to areas to continuous fields, it is
not the size of these units that differentiates the statistical approach being defined,
but rather the process responsible for generating the data.
Point-process statistics are distinguished from geostatistics and areal statistics by
virtue of stochastic properties of the domain. Both the number of observation sites
and the set of observation sites are treated as random. That is, the data-generating
process is responsible for creating geographic coordinates and, optionally, associated attribute values. As such, point-process statistics are fundamentally concerned
with questions revolving around the locations of stochastic events within a region,
the “point patterns” that may result and comparisons with the distribution of observations with the random distributions of points(e.g., Baddeley & Turner, 2005;
Bivand, Pebesma, & Gómez-Rubio, 2013; Mohler, 2012).
Unlike point-process statistics, both geostatistics and areal statistics have a
“fixed” (non-stochastic) domain. What separates the two is whether or not that
3

“Regional science” is an analogous term although raises other issues of disambiguation.
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domain is also continuous (in the case of geostatistics) or discrete (in the case of
areal statistics)4 .
Areal statistics – also somewhat inappropriately referred to as “lattice statistics”
– is broadly defined in terms of a domain that is non-random (meaning that observational locations are fixed) and discrete. “Discrete” does not refer to the attribute
data, which may be continuous, but to the geographical domain; this means that
(unlike geostatistics) no response variables may occur between fixed data locations.
Examples extend to point data (such as a regular lattice pixels in an image) but
more commonly involve the a partitioning of space into contiguous polygons (such
as census tracts). In the case of polygonal geographic data the associated attribute
data is determined on the basis of aggregated data from within the areal boundaries
(Bivand, Pebesma, & Gómez-Rubio, 2013). Note that while sampling may be used
in areal statistics, it also permits (and commonly adopts) an exhaustive set of the
phenomena under observation (Cressie, 1993); an example would be the exhaustive
analysis of all census collection districts within a bounded city area.
Finally, geostatistics differs from areal statistics principally on the basis of a
continuous field, thus permitting response variables between current observations.
That is, response variables exist at every point despite a finite number of observations
at points or areas. While geostatistics may also operate on an exhaustive set it is
more typical that it considers data as a finite set of observations of the realisation of
a random field. Therefore, one area of application is in the prediction of unobserved
(unsampled) values and establishing a measure of reliability.
As a parting comment it is worth noting that data suitable for geostatistical
and point-process analysis may be readily reduced to data appropriate for areal
statistics. This is done in the aggregation of the original Chicago crime data to
census tract levels (described in chapter 3).

6.4

Defining “neighbours”

Having established areal statistics as the analytical paradigm for the research – and
transformed data sets as appropriate – the first step in its application is to identify
the neighbourhood structure of the data. This then leads to examination of the
influences that neighbours exert – at which stage spatial autocorrelation becomes
the focus of attention.
“Neighbours” represent a structural overlay that define potential influences on
each region (or, conversely, influences of each region on its defined set of neigh4

This is open to criticism as being overly simplistic. The separation between these three
statistical paradigms is not always clear. Schabenberger and Gotway (2005) describe the taxonomy
of spatial statistical analysis as varying between the coarse tripartite division of Cressie (1993) and
those which engage extreme levels of detail. However, the tripartite division adopted here is
not only common but serves the immediate purpose in contributing to an understanding of the
statistical “world-view” relevant to spatial economic techniques, namely areal statistics.
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bours). This assignment proceeds on the basis of a number of assumptions about
how influence may be exerted as well as pragmatic reasons. These include, but are
not limited to (Bivand, 2020):
 K-nearest neighbours (KNN): A specified number of neighbours (represented

by K) is selected based on proximity – reflecting an assumption that a predetermined number of neighbours is responsible for most influence on the local
region;
 Interpoint distance: A distance threshold is used to determine “neighbours”

on the assumption that influential neighbours occur within a certain radius;
 Graph-based approaches: Points are used as the basis for a number of graph-

based neighbourhood assignment – such as Delaunay triangulation which
defines neighbours based on the convex hull of points;
 Polygon contiguity: Polygons are defined as neighbours if they share a com-

mon boundary in the belief that administrative units capture meaningful
demographics and that jurisdictional boundaries are representative of boundaries between communities on the ground; and
 Manual intervention: Manual methods may also be applied, more likely to

adjust the results of automated neighbour selection (for example, consideration of two regions connected by a bridge as constituting neighbours or not).
All distance-based approaches – KNN, interpoint distance, and graph-based approaches – require a single point on which to base distance operations. This is typically accommodated by the use of geographic centroids, although population-density
centroids and other points can be also be used. This raises potential disadvantages
regarding the generation of points in irregular shapes, plus point selection may be
difficult to justify. Furthermore, when applied to administrative units that reflect
population levels the results may indicate large distances for areas more removed
from the CBD and marginal distances for city-central areas. Contiguity-based approaches risk the creation of unconnected areas (“islands”), however in the absence
of alternative criteria often make substantive sense when dealing with units such as
administrative units claimed to broadly reflect communities.
For both case studies neighbours are determined on the base of contiguity. The
definition of border “contiguity” provides for a general specification in which both
vertices and edges are included (referred to as “Queen” contiguity based on permitted moves in chess) or a more restricted version in which only shared edges are
recognised (referred to as “Rook” contiguity based on allowed orthogonal moves of
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the rook in chess)5 . In both case studies Queen’s contiguity is adopted; thus, polygons are considered neighbours if any edges or vertices are shared. This results in
some unconnected polygons in the tentacular shape of urbanised Sydney which are
managed by their removal (as described in appendix A).
A further consideration in defining neighbours involves neighbourhood “order”.
This is defined recursively as follows: 1st -order neighbours are defined by the neighbourhood selection algorithm – here Queen’s contiguity; 2nd -order neighbours are
defined as neighbours of 1st-order neighbours, defined according to the same algorithm; 3rd -order neighbours are defined as neighbours of 2nd-order neighbours; and
so on. In both case studies, order-1 neighbours are used.
The resulting links between defined neighbours are indicated by figures 6.1 for
Sydney and 6.2 for Chicago.

Figure 6.1 has been removed from this version of the Thesis.

Figure 6.1: Sydney “neighbours” reflecting order-1 Queen’s contiguity as
represented by the spatial weights matrix, W : 850 links over 178 polygons (mean
of 4.78 links per region)
The representation of neighbours is managed by a data structure referred to as
the “spatial weights” matrix, represented by W which is an n × n matrix where rows
(i) represent the local area and columns (j) indicate neighbours. As the name suggests, there is one further consideration to be applied to the neighbourhood structure
and that is a representation of weighting allocated to the influence of the defined
neighbours. There are a number of options. One example is binary weighting where,
for each element of the matrix, ωi,j , a ‘1’ indicates a neighbour and ‘0’ indicates ab5

This is a conceptual definition. For an indication of how this is applied in software using snap
distances consult Bivand (2020, p.2).
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Figure 6.2 has been removed from this version of the Thesis.

Figure 6.2: Chicago “neighbours” reflecting order-1 Queen’s contiguity as
represented by the spatial weights matrix, W : 5,204 links over 794 polygons (mean
of 6.55 links per region)
sence of a neighbour – corresponding to full or zero influence. Row-standardised
weighting is used here. This is an adaptation of binary weighting as follows. For
each area, the number of neighbours, ni , is established and then ωij = 0 if i and
j are not neighbours or ωij = 1/ni if i and j are neighbours. By definition, since
attribute variables in location i are excluded from directly influencing themselves,
ωii = 0. This standardisation introduces a weighted average of neighbourhood attribute values to regression equations.

6.5

Testing for spatial autocorrelation

Having established the spatial weights matrix, W , the next phase of spatial analysis
typically tests the null hypothesis of spatial randomness against the alternative
hypothesis of spatial autocorrelation.

6.5.1

Moran’s I

Univariate Moran’s I (Cliff & Ord, 1981; Moran, 1948) is a modification of Pearson’s
r for a single variable and is used to measure spatial autocorrelation at the global
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level. More information – specifically relating to its derivation and how significance
is determined – is presented in appendix J. Moran’s I is a global measure, given by
I = Pn

i=1

Pn Pn
i=1
j=1 ωij (yi − ȳ)(yj − ȳ)
P
·
n
2
j=1 ωij
i=1 (yi − ȳ)

n
Pn

(6.1)

where:
 n is the number of areas;
 ωij refers to the element in row i and column j of the weights matrix, W ,

which identifies neighbouring areas;
 yi denotes the value of attribute Y in area i; and
 ȳ is the mean global value of attribute Y (across the study area).

As a univariate case of Pearson’s r its interpretation follows suit. Thus, I typically has a range of [−1, 1] where significant values approaching 1 indicate positive
spatial autocorrelation, significant values approaching −1 indicate negative spatial
autocorrelation and insignificant values indicate absence of spatial autocorrelation.
This is represented in figure 6.3.

Figure 6.3: Schematic representation of spatial autocorrelation in terms of
Moran’s I (for simplicity, assume shading represents states of a Boolean variable
associated with the respective area): I = −1: Negative spatial autocorrelation
corresponding to “checkerboard” patterning (left); I = 1: Positive spatial
autocorrelation corresponding to clustering (mid); and I not significantly different
from E[I] (≈ 0): random spatial distribution (right)

6.5.2

Anselin’s Ii

Where global spatial autocorrelation is detected insight into the location of this
spatial non-randomness is gained by Anselin’s Ii (Anselin, 1995), a Local Indicator
of Spatial Autocorrelation (LISA), defined by
P
(yi − ȳ) nj=1 ωij (yj − ȳ)
Pn
Ii =
2
i=1 (yi − ȳ)
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where all terms are as previously described6 .

6.5.3

Join-count test

In order to explore spatial autocorrelation for categorical variables, a join-count test
is applied (Cliff & Ord, 1981). This test assesses whether or not categorised tracts
are more likely to be adjacent to tracts of the same category than would be expected
by chance.
This is mentioned here for completeness, but further discussion is deferred to
chapter 11 which provides the context to justify the approach.

6.5.4

The Moran scatter plot

The Moran scatterplot is an XY plot of univariate spatial data, used to demonstrate
the relationship between the value of an attribute variable in local areas and those
in defined neighbours (Anselin, 1996). It is constructed by the following process:
1. All variables are converted to z-values;
2. Each local area’s value for the variable determines its position on the x-axis;
3. Using the spatial weights matrix, W , to identify “neighbours” the mean of
neighbourhood values – referred to as the “spatial-lag” value – determines
its position on the vertical axis;
4. In addition to the plotting of points an OLS regression line through the data
P
points is typically included, which plots nj=1 ωij zj against zi .
Figure 6.4 summarises the main elements in a Moran scatter plot.
At the level of a single plot point, the Moran scatter plot indicates the relationship between an attribute’s local value and those of its defined neighbours – the
“spatially lagged” (or just “lagged”) value. The interpretation of any single plot
point on the graph follows. The first observation addresses the quadrant a point is
located within. Following z-transformation, x = 0 and y = 0 represent mean values
for variables and spatially lagged variables, respectively. The resulting division of
the plot into values which are high and low (with respect to the mean) results in
four quadrants. Quadrants are labelled in outer corners in figure 6.4. Thus, points
falling in quadrant 1 have “high” local values (x-axis) and tend to have neighbours
with “high” values. Similarly, points in quadrant 3 represent locals areas with “low”
values with neighbours also exhibiting “low” values. That is, quadrants 1 and 3 represent local areas with neighbours of “like” values (relative to the mean). Points
6

As expected, this has a a relationship
to the global Moran’s index. The sum of all local indices
P
is proportional to Moran’s I, i.e., i Ii = ζI.
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Figure 6.4: Elements of a Moran scatter plot, indicating the disaggregation of
positive global Moran’s I (represented by slope of the regression line) into
High-High points in quadrant 1 (significant values colour coded in red) and
Low-Low points in quadrant 3 (significant values colour-coded in blue). Data
points are in standardised form (mean of 0 and standard deviation of 1).
in these quadrants represent examples of positive spatial autocorrelation. Points in
quadrants 2 and 4 represent points of negative spatial autocorrelation.

6.5.5

LISA plot

Moran’s I, as a measure of global spatial autocorrelation, may mask local patterns.
For example, low – or even insignificant – values for Moran’s I may hide local areas
of significant spatial autocorrelation; conversely, strong evidence for global spatial
autocorrelation may mask a lack of significant spatial autocorrelation at the local
level. The LISA plot takes the plot points represented in the Moran scatter plot,
applies significance testing using Monte Carlo simulation as described in appendix J
and represents the results by colour coded polygons in the map.
Moran scatter plots presented in this chapter employ colour coding. This is not
typical but included in order to demonstrate a relationship to colours used in the
LISA plot as follows. Red indicates statistically significant plot points within quadrant 1 (points “A” and “B” in figure 6.4); blue indicates the same within quadrant
3 (for point “D”); and white indicates plot points found not to be significant (point
“C”). Note that examples of significant negative spatial autocorrelation are not
included – nor colour coding presented – since they do not appear as research outcomes7 . As a result, red indicates local areas where the high value of the attribute is
7

The level of significance used throughout the thesis is α = 0.05.
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associated with high values in neighbour attributes (abbreviated as “HH”); blue indicates areas where low attribute values are associated with low values in neighbours
(abbreviated as “LL”).
In terms of its outcome as a map, Anselin (1995) describes the LISA process
as one that produces categorical results indicating whether the attributes in areal
units relate to those of neighbours in ways that suggest positive clustering (it is
significantly like its neighbours), negative clustering or dispersal (it is significantly
unlike its neighbours) or random (it fails to have a significant positive or negative
relationship with its neighbours). LISA plots – and their associated significance
plots (described next) – are included in the results below (section 6.6).

6.5.6

Significance plot

A significance plot is sometimes presented as a companion map to LISA plots, and
indicates levels of significance associated with each polygon. For all work presented
in the thesis, it is assumed that the level of significance is set at α = 0.05, unless
otherwise stated. Thus, LISA plots are established based on this level of significance.
A significance plot indicates the strongest level of significance exhibited for the
polygon. The progressively stronger categories of significance used in the thesis are:
insignificant, 0.05, 0.01, 0.001 and 0.0001.

6.6

Results

Summarising details from this chapter, all results assume the following:
 Neighbours are defined by order-1 Queen’s contiguity;
 Weights are row-standardised, i.e., all elements in a row are divided by the

row sum, ωij∗ =

ω
Pn ij
j=1

ωij

;

 Significance level is α = 0.05; and
 Monte Carlo simulation (with 10,000 permutations) is used to test significance

even in the case that algorithmic methods are also applied.
Table 6.1 presents Moran’s I values for all variables. These were established algorithmically and verified in simulation.
From table 6.1, strong levels of global association may be described for Heterogeneity (in both case studies), for Disadvantage and Urbanisation (in Sydney)
and for Violence (in Chicago). All others indicate medium association8 . Evidence
of medium to high global spatial autocorrelation from Moran’s I for all variables
8

This is based on conventional means of describing spatial autocorrelation, as follows. High:
I ≥ 0.7; Medium: 0.3 ≤ I < 0.7; and Low: I < 0.3.
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Table 6.1: Global Moran’s I
Variable
Violence
Disadvantage
Heterogeneity
Mobility
Family disruption
Urbanisation

Sydney

Chicago

0.5224
0.7166
0.7560
0.4702
0.3703
0.6953

0.7033
0.6059
0.7725
0.6557
0.6108
0.4475

All values of Moran’s I are highly significant, p  0.0001

across the study areas for Chicago and Sydney suggests a need for local tests. Moran
scatter plots are provided for all variables in appendix K and significance plots are
provided in appendix L. To illustrate the connection between graphical tools, these
are presented for violence (in both case studies) in figure 6.5 – with atypical colour
coding of Moran scatter plots for demonstrative purposes.
Colour-coded points in the scatter plots reveal correspondence with the associated LISA plots. Those which achieve significance (non-grey) occur in one of two
quadrants: quadrant 1 (high attribute values with high lagged attribute values –
representing mean neighbourhood value), which are coded red; and quadrant 3 (low
attribute values and low lagged values), which are coded blue. These quadrants
indicate positive spatial autocorrelation – areas surrounded by similar (high or low)
mean levels in defined neighbours. No significant negative spatial correlation occurs
(quadrants 2 and 4), nor do they occur at any stage in the research. Accordingly, the
regression line is positive in both Sydney and Chicago. The slope of the regression
line corresponds to global Moran’s I and – corresponding to table 6.1 – it can be
seen that Chicago exhibits stronger spatial autocorrelation for Violence than does
Sydney9 . Significance plots indicate how spatial outcomes in LISA plots would vary
according to four different levels of significance – from α = 0.05 (as used for all
LISA plots in the thesis) to α = 0.0001. For example, in Chicago it can be seen
that the effects of applying stronger tests of significance is that mapped “LL” and
“HH” areas retract slightly from the borders given in the LISA plot above, but areas
remain defined. On the other hand, the central “HH” area in the Sydney LISA plot
disappears at significance levels of α = 0.001.

9

Refer to Anselin (1996) for a discussion of the use of the Moran scatter plot as a diagnostic

tool.
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Figure 6.5 has been removed from this version of the Thesis.

Figure 6.5: Graphical explorations of spatial autocorrelation for Violence, for
Sydney (left) and Chicago (right). In Moran and LISA plots, blue represents
Low-Low (LL), red represents High-High (HH) and non-significance is represented
by grey (for Moran plots) or white (for LISA plots); in significance plots deepening
shades of green represent stronger levels of significance.
From top to bottom – Moran scatter plot, LISA plot, significance plot
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LISA plots are presented for all variables (with violence duplicated from figure 6.5
for convenience) in figure 6.6 (for Sydney) and figure 6.7 (for Chicago).
The LISA plot for Violence in Sydney reveals three “HH” clusters – east (including the Sydney CBD), central and west – and a (divided) band of “LL” in the
north10 . The plot for Disruption indicates close alignment with that for Violence.
This is not apparent in other plots, although none suggest evidence of negative
associations.
The LISA plot for Violence in Chicago also reveals an “HH” cluster to the west
of the CBD and a (divided) one to the south. There are “LL” clusters in an arcing
band to the north, with two smaller pockets in the south-west. As with Sydney,
Disruption indicates strong visual alignment with Violence. Unlike Sydney, some
plots suggest negative relationships to Violence, most notably Heterogeneity.

10

When interpreting LISA plots it is worth recalling that colouring represents two conditions: (i)
the area indicated has a significantly high or low attribute; and (ii) it is surrounded by neighbours
with significant “like” attributes in accordance with the weights matrix, W . If the first condition
is the basis for determining maps of crime hot-spots and cold-spots then the inclusion of the
second condition results in a spatial subset representing areas of localised spatial autocorrelation.
Thus, in comparing two LISA plots, any direct coincidence of indicated areas is of obvious interest
with respect to spatial autocorrelation; however, there may also be some value to considering that
neighbours indicating insignificance may nevertheless be participants. For example, a lone polygon
indicating “HH” will, by definition, have neighbours with significantly high rates.

137

CHAPTER 6. SPATIAL AUTOCORRELATION

6.6. Results

Figure 6.6 has been removed from this version of the Thesis.

Figure 6.6: LISA plots for Sydney (top to bottom, left to right): Disadvantage,
Heterogeneity, Mobility, Family disruption, Urbanisation and Violence. Red =
”HH”; Blue = ”LL”; White = insignificant; Black = zero-population POAs
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Figure 6.7 has been removed from this version of the Thesis.

Figure 6.7: LISA plots for Chicago (top to bottom, left to right): Disadvantage,
Heterogeneity, Mobility, Family disruption, Urbanisation and Violence. Red =
”HH”; Blue = ”LL”; White = insignificant; Black = zero-population CTs
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Summary

Spatial econometrics is presented as framing methodological decisions in the research. Two important aspects of that framework are introduced. The first is the
focus on areal statistics and the second is the pivotal role assigned to spatial autocorrelation. Remaining characteristics – the use of spatial regression models and
appropriate methods of interpretation – are introduced in following chapters.
“Neighbours” are defined for both case studies on the basis of order-1 Queen’s
contiguity. The associated weights matrix, W , is row-standardised. Moran’s I
indicates highly significant positive global spatial autocorrelation for all variables in
both case studies.
LISA plots are generated to provide maps of significant spatial autocorrelation
at local levels.
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7
Spatial models and model selection

The previous chapter presented a case for the consideration of spatial autocorrelation as pivotal to spatial analysis, and the presence of spatial autocorrelation was
established for all variables across both studies – evident at global and local scales.
These observations require a response in the modelling process. In this chapter the
methodological foundation for that response is established, with all results presented
in the following chapter.
A suite of candidate models is presented, and a strategy for model selection is
outlined. Diagnostic tests are briefly described in concluding the chapter.

7.1

The model suite

The options for spatial modelling are expansive. Figure 7.1 presents the model suite
used in the research, with relationships between models presented on a “specific-togeneral” (or “bottom-up”) basis. The most specific model (OLS) contains no spatial
components. It may be progressively generalised by the addition of spatially treated
components, indicated by labelling of transition arrows in the diagram.
Spatial econometric models add a spatial dimension to one or more of the three
components in the non-spatial linear model: the dependent variable (y), the independent variables (X) and/or the error terms (ε) – achieved by including the effects
of influential “neighbours” defined by the spatial weights matrix, W .
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OLS
y = Xβ + ε

+λW u

+W Xγ
SAR
y = ρW y + Xβ + ε

SLX
y = Xβ + W Xγ + ε

SEM
y = Xβ + u
u = λW u + ε

+ρW y
+W Xγ

SDM
y = ρW y + Xβ + W Xγ + ε

Figure 7.1: Relationships between regression models (specific to general). Where
n is the number of areas and k the number of independent variables: y is an n × 1
vector of observations (the dependent variable); X is an n × k matrix of
independent variables; and ε is an n × 1 vector of (non-observable) residuals. The
constant term, α, is implied and excluded from model specifications. Spatial terms
require a means of representing topology and “neighbourhood”, provided by the
n × n spatial weights matrix, W . The “spatial autoregessive coefficient”, ρ, and
the “spatial autocorrelation coefficient”, λ, are scalars while β and γ are k × 1
parameter vectors.
The top layer in figure 7.1 is the (non-spatial) standard linear model, commonly
referred to as the Ordinary Least Squares (OLS) model and defined by:
y = Xβ + ε

(7.1)

where:
 y is an n × 1 vector of observations (the dependent variable);
 X is an n × k matrix of independent variables;
 ε is an n × 1 vector of (non-observable) residuals;
 n indicates the number of areas; and
 k the number of independent variables.

As a non-spatial regression technique the role of OLS in the analysis of spatial
data is twofold. First, in some circumstances it may be the case that independent
variables have sufficient information to model spatial characteristics of the dependent
variable; in such circumstances the OLS model emerges as the selected model where
it is sometimes referred to as representing “structural similarity”. Second, where
independent variables do not capture such spatial characteristics then analysis of the
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OLS residuals indicates this and may be used in model comparison – to be described
in section 7.2 on model selection processes1 .
The middle layer in figure 7.1 presents three spatial models, each generalising
OLS by the inclusion of a single spatially treated component (identified by the
presence of the spatial weights matrix, W ). These models are each described in
turn.
The Spatial Autoregressive (SAR) model – sometimes referred to as the “spatial
lag model” – includes spatial treatment of the dependent component (ρW y), and is
defined by
y = ρW y + Xβ + ε

(7.2)

where ρ is a scalar (Anselin, 1988b)2 . This represents a case where the dependent
variable in local areas is influenced by the dependent variable in neighbours defined
by the spatial weights matrix, W .
The Spatial Error Model (SEM) generalises OLS by incorporating a spatially
treated error term (λW u) and is defined by

y = Xβ + u,
u = λW u + ε

(7.3)

where λ is a scalar (Anselin, 1988b). This model divides residuals into a spatial
component represented by λW u – which includes extra-local effects from neighbours
defined in W – and one of random local effects, .
The Spatially Lagged X (SLX) model generalises OLS by the inclusion of a
spatially treated independent component (W Xγ)
y = Xβ + W Xγ + ε

(7.4)

where γ is a k × 1 parameter vector.
SAR and SEM are the most established spatial models (based on work by
Anselin, 1988b), with the SLX model attracting more recent attention (Cook et
al., 2015; Vega & Elhorst, 2015; Wimpy et al., 2019).
1

The standard linear model is represented in this thesis by its method of derivation – “ordinary
least squares” – a not uncommon approach, adopted here as “OLS” is more visually distinct from
other designations (SLX, SDM, etc.), and the more technically correct SLM (Standard Linear
Model), exists in the literature as an alternative reference to SAR as the “Spatial Lag Model”.
2
Reference to ρ as the “spatial autoregessive coefficient” is noted in figure 7.1, as is “spatial
autocorrelation coefficient” for λ in the Spatial Error Model. However, these terms are potentially
confusing and not relied upon in the text; the appropriate symbols are used to ensure clarity.
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Finally, the bottom layer introduces the Spatial Durbin Model (SDM) which
generalises SAR and SLX models by combining their components while maintaining
a well-behaved error term (LeSage & Pace, 2009). That is, the Spatial Durbin
Model gives spatial treatment to both the dependent and independent components,
as defined by
y = ρW y + Xβ + W Xγ + ε

(7.5)

where all terms are as previously defined.

7.2

Model selection

An in-depth presentation of model-selection processes is prepended by a brief discussion on theoretically-derived models and a note on model implementation.

7.2.1

Theory-led selection

It is important to note that where criminological theory combines with a specific line
of enquiry to form a sound basis for spatial reasoning then direct model selection may
be the most appropriate course of action. For example, theories relating to diffusion
effects of specific crimes or retaliatory acts of violence across neighbourhoods suggest
spatial treatment of violence as the dependent variable. In this case, adoption of a
model which includes a “spatial lag” component (ρW y) – such as SAR or SDM –
resonates with the chosen theoretical framework and specific research questions.
However, the current research is highly exploratory and does not have the specificity required to uniquely identify a model as fundamentally appropriate to the
task. Instead, violence is proposed as a relevant contemporary criminological issue
(which forms the dependent variable), Social Disorganisation Theory is presented
as a theoretical framework (and the basis for determining independent variables of
potential interest) and the fundamental nature of the research is an exploration of
the resulting variables contextualised by spatial effects as appropriate. As such, an
algorithmic approach to model selection which considers all of these factors is more
relevant. The selected model is then considered in terms of what ramifications it
poses for criminological theory. Thus, rather than selecting a model that reflects a
strong concept of theory in order to test it, the approach adopted here is to employ
a weaker concept of theory as the conceptual framework and subject it to critical
assessment on the basis of the model which best addresses the factors at play.
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A note on model implementation

The use of spatial components in least-squares estimates introduces issues of consistency. For example, models which include ρ will have biased and inconsistent estimates for the independent variables, and those which include γ may be consistent
but inefficient (LeSage & Pace, 2009). In response, maximum likelihood estimation
techniques are often used in parameter estimation to avoid bias and inconsistency
in spatial models. This is the approach adopted in all modelling described here.

7.2.3

Specific-to-general selection

The relationships between models was introduced above via specific-to-general additions – in which OLS was the foundation for increasingly more general models by the
progressive inclusion of spatially treated terms (see figure 7.1). The same approach
is the basis for the model selection process which historically marks the foundation
of spatial econometric modelling and still exhibits such presence in the literature
that it may be considered the “default” model-selection pathway. It provides a basis for discriminating between OLS and spatial alternatives, SAR and SEM (e.g.,
Florax et al., 2003).
There are two main types of bias that may suggest one of these spatial models
as an alternative to the OLS model (Anselin, 1988b, 2001). The first is due to
substantive spatial dependence where biased coefficients and inconsistency arise from
the effects of spatial relationships in the dependent variable that are excluded from
OLS; this suggests a spatial autoregressive model (SAR). The second type of bias is
due to spatial error dependence, sometimes attributed to the inclusion of hard-tomeasure variables — such as “culture” (Baller et al., 2001) — or unrepresentative
data aggregation; this has sometimes been referred to as nuisance dependence and
suggests a spatial error model (SEM).
The selection process is as follows. An OLS model is estimated and postregression diagnostics are performed. Two types of tests are involved (Anselin,
1988b). The first test assesses spatial autocorrelation in the residuals using a modified Moran’s I test (Cliff & Ord, 1973). The presence of spatial autocorrelation
in the residuals suggests the need to consider spatial models. The second type of
test is the Lagrange Multiplier (LM) test (Anselin, 1988a, 2007; Anselin et al., 1996;
Burridge, 1980)3 . There are two variants of the standard LM test: LMρ tests the
null hypothesis that H0 : ρ = 0 and LMλ tests the null hypothesis that H0 : λ = 0
3

Due to the association of the term “Lagrange Multiplier” with optimisation strategies, the
naming of these tests in spatial modelling context is apt to confuse. The explanation is given by
Bera and Ullah (1991). The post-regression diagnostics are actually a form of Rao’s score test
(Rao, 1948), but referred to by econometricians as “Lagrange Multiplier” tests after an LM-style
interpretation was applied to the test by Aitchison and Silvey (1958) and by Silvey (1959), then
perpetrated by others (e.g., Breusch & Pagan, 1980). Thus, the term persists as a matter of
historical accident more than descriptive accuracy.
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(Anselin, 1988a; Anselin & Rey, 1991). In the absence of a clear result for the case
that ρ 6= 0, λ = 0 (leading to selection of SAR) or ρ = 0, λ 6= 0 (leading to the selection of SEM) then Robust Lagrange Multiplier (RLM) tests are used – RLMρ and
RLMλ – each being “robust” to the presence of the other, and it is expected that
one indicates significance while the other fails (Anselin et al., 1996). In the case that
this expectation is not met such that ρ 6= 0, λ 6= 0 then the choice of spatial model
is determined by whether LMρ > LMλ (indicating SAR) or LMλ > LMρ – as indicated in figure 7.2. That is, where both RLMρ and RLMλ fall below a significance
threshold, guidance comes from that which has the lowest p-value. The remaining
possibility, that ρ = λ = 0, suggests that neither SAR nor SEM is favoured over
OLS4 .
ρ 6= 0, λ = 0 or
ρ 6= 0, λ 6= 0, LMρ > LMλ

OLS
y = Xβ + ε

ρ = 0, λ 6= 0 or
ρ 6= 0, λ 6= 0, LMλ > LMρ

SEM
y = Xβ + u
u = λW u + ε

SAR
y = ρW y + Xβ + ε

Figure 7.2: Specific-to-general model-selection pathway
Following developments in theoretical, algorithmic and computational fields, new
spatial models and associated selection methods have become increasingly evident
since the turn of the century.

7.2.4

General-to-specific selection

As the inverse of the specific-to-general process this approach to model selection
assumes a general model – commonly the Spatial Durbin Model (SDM) – and compares nested models to determine the best candidate (LeSage & Pace, 2009). This
approach is indicated in figure 7.3 using SDM as the reference model5 .
Given that components in SDM may be constrained to derive other models, socalled “common factor” tests are conducted using Likelihood Ratio (LR) diagnostics.
For example, LRγ is applied against the null hypothesis that H0 : γ = 0; a failure to
reject the null hypothesis suggests that γ = 0, which reduces the equation for SDM
to that for SAR. Similarly, LRρ is used to test SDM against the constraints that
favour SLX and LRλ is used to test SDM against the constraints that favour SEM.

4

For simplicity, such “null” transitions remain implied in model selection diagrams rather than
inserting a transition arrow to and from the same state.
5
Note that orientation of the nodes maintains that established in figure 7.1. This approach
enables consistency, especially when presenting the combined selection pathway which follows.
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OLS
y = Xβ + ε

ρ=0

λ=0

γ=0
SAR
y = ρW y + Xβ + ε

SLX
y = Xβ + W Xγ + ε

SEM
y = Xβ + u
u = λW u + ε

ρ = 0, γ 6= 0,
γ + ρβ 6= 0
SDM
y = ρW y + Xβ + W Xγ + ε

γ=0

γ + ρβ = 0

Figure 7.3: General-to-specific model-selection pathway

7.2.5

Combined approach

The final model selection process adopts a combined approach, in this case that
proposed by Elhorst (2010a). For clarity, it is described in two parts, starting with
the pathway indicated in figure 7.4. Downward-leading transitions represent specificto-general strategies based on the results of (R)LM diagnostics (as per figure 7.2),
while upward-leading transitions represent general-to-specific strategies based on the
results of LR diagnostics (as per figure 7.3).
OLS
y = Xβ + ε
γ=0

ρ=λ=0
SLX
y = Xβ + W Xγ + ε
γ 6= 0

ρ=0

SDM
y = ρW y + Xβ + W Xγ + ε

Figure 7.4: Combined selection pathway: Part 1 – Starting with OLS
Like the specific-to-general selection process, this starts at the OLS node. The
(obvious) differences are twofold: (i) the decision to select SEM or SAR models is
deferred until the inclusion of a more general model (SDM) can also be considered;
and (ii) the addition of the SLX model raises the possibility that an evaluation
of ρ = λ = 0 may result in its selection as the preferred model instead of OLS.
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Otherwise, testing procedures remain as described previously, namely: (i) the use of
a modified Moran’s I test of the residuals; and (ii) Lagrange Multiplier tests – and
their robust variants, now written collectively as “(R)LM” – to test ρ and λ.
As the model-selection process used in the research, this is described in detail.
For clarity – and to enable later reference to particular decisions – it has been
presented algorithmically as a series of “steps”:

Step 1(a):
Estimate a non-spatial linear model using OLS.
Step 1(b):
Run post-regression Lagrange Multiplier diagnostics as described in subsection 7.2.3: (R)LMρ tests the null hypothesis H0 : ρ = 0 and (R)LMλ tests the
null hypothesis H0 : λ = 0). Results lead to one of three states (the results of
these states expand on those those in figure 7.2)6 :
 ρ 6= 0 and λ = 0: Note the result and proceed to the next stage of the

process starting at step 2(a);
 ρ = 0 and λ 6= 0: Note the result and proceed to the next stage of the

process starting at step 2(a); or
 ρ = 0 and λ = 0: Transition to the SLX node of the graph in figure 7.4

and continue to step 1(c).
Step 1(c):
Estimate an SLX model.
Step 1(d):
A Likelihood Ratio (LRγ ) test is conducted to test H0 : γ = 0. In the case
that the null hypothesis fails to be rejected then γ = ρ = λ = 0 which indicates
the OLS model as the best candidate and the selection process terminates.
Otherwise, proceed.

6

Note that only three of four possible permutations of the parameters ρ and λ are indicated in
this step. The fourth permutation – ρ 6= 0, λ 6= 0 – is prevented from occurring due to interventions
summarised in subsection 7.2.3.
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Step 1(e):
Given γ 6= 0, transition to the next node in figure 7.4 and estimate SDM.
Step 1(f ):
Apply a common factor test to SDM against the constraint that ρ = 0 using
LRρ . If the null hypothesis that H0 : ρ = 0 fails to be rejected then SLX is
selected as the preferred model; otherwise SDM is chosen. This terminates the
model selection process7 .
If Part 1 has not identified a preferred model, Part 2 of the selection process is
engaged (summarised in figure 7.5). All transitions are general-to-specific, although
prior results of (R)LM tests from Part 1 are applied as indicated, represented by
ghosting in the diagram.
OLS
y = Xβ + ε

SAR
y = ρW y + Xβ + ε

γ=0
ρ 6= 0, λ = 0

LMρ
LMλ

SEM
y = Xβ + u
u = λW u + ε

SDM
y = ρW y + Xβ + W Xγ + ε

γ + ρβ = 0
ρ = 0, λ 6= 0

Figure 7.5: Combined selection pathway: Part 2 – Starting with SDM

7

In arriving at this state in the transition diagram, it may appear that an anomaly exists
regarding the status of ρ. Transition to the SLX node is dependent on the assessment that ρ = 0;
therefore, the transition from SLX to SDM suggests that ρ = 0 is maintained. However, by
definition, SDM includes spatial treatment of the dependent component (ρW y); i.e., requires that
ρ 6= 0. This apparent contradiction is accounted for by recalling from the specific-to-general
pathway (figure 7.2) that ρ = λ = 0 was the basis for selection of OLS in preference to spatial
models, but that this was evaluated by (R)LMρ and (R)LMλ diagnostics. The current process
(figure 7.4) includes γ and the possibility that an assessment of ρ = λ = 0 may favour SLX over
OLS. This was tested in step 1(d). However, the final step in this branch of the graph requires
that ρ now be assessed under the condition that γ 6= 0. This is not taken into account by (R)LM
tests and, therefore, the common factor test as described resolves this uncertainty.
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Step 2(a):
SDM is estimated to initiate the process. Based on the results from (R)LM
diagnostics previously performed on the OLS model, only two further tests are
required. Either:
 (R)LMρ indicates that ρ 6= 0, in which case the candidate model is either

SDM or SAR, resolved in step 2(b); or
 (R)LMλ indicates that λ 6= 0, in which case the candidate model is either

SDM or SEM, resolved in step 2(c).
Step 2(b):
In the case that (R)LMρ indicates that ρ 6= 0, then the candidate models are
either SDM or SAR. Conduct a post-regression LRγ against the null hypothesis
that H0 : γ = 0. If the null hypothesis fails to be rejected then SAR is selected,
otherwise select SDM. The selection process is terminated.
Step 2(c):
In the case that (R)LMλ indicates that λ 6= 0, then the candidate models are
either SDM or SEM. Conduct a post-regression LRγ against the null hypothesis
that H0 : γ + ρβ = 0. If the null hypothesis fails to be rejected then SEM is
selected, otherwise select SDM. The selection process is terminated.

7.3

Additional diagnostics

The diagnostics described thus far are used in the process of model selection. This
section presents additional tests used to explore the outcomes of model selection
over five concepts of interest.
The first concept of interest involves R2 statistics, typically described in terms of
“explanatory power”. A number of conceptual approaches exist in the determination
of R2 – or “pseudo”-R2 – statistics, of which one involves attempts to capture the
degree of variability explained by the model; this is often referred to in terms of
“explanatory power”. Another basis for the development of pseudo-R2 statistics is
as a measure of improvement from a baseline model (the null – or intercept-only –
model) to the fitted model. Such is the approach taken by the Cox & Snell R2 (Cox
& Snell, 1989) which compares the likelihood of the fitted model to the likelihood
of the base model, as follows:
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R =1−

LI
LF

2/n
(7.6)

where:
 LI is the conditional probability of the dependent variable given the indepen-

dent variables for the intercept-only model;
 LF is the conditional probability of the dependent variable given the inde-

pendent variables for the full model; and
 n is the number of observations which, applied as the nth root, provides a

likelihood estimate for each y value in the regression.
In the case that the full model demonstrates perfect prediction then LF = 1, which
2/n
reduces equation 7.6 to R2 = 1 − LI which is less than 1. The Nagelkerke R̄2
statistic (Nagelkerke, 1991) – also known as Cragg & Uhler’s R2 (Cragg & Uhler,
1970) – provides an upward correction to the Cox & Snell R2 such that the maximum
value is 1, as follows:
R̄2 =

1 − (LI/LF )2/n
2/n

1 − LI

(7.7)

where terms are as previously defined and Cox & Snell R2 is the numerator.
Where traditional R2 statistics – and adjusted variants – are inappropriate for
spatial autoregressive models and for comparing OLS models with those derived
from maximum-likelihood methods, Nagelkerke R̄2 is recommended (Bivand, 2010)8 .
While the appropriateness of R2 statistics in explaining linear association between
dependent and independent variables is side-stepped, the role of Nagelkerke R̄2 suits
current needs as a comparative measure in model evaluation. Higher values of R̄2
suggest improvement over intercept-only models.
The second concept of interest – “goodness-of-fit” – is related to the use of R̄2 .
A number of such diagnostics are used against nested models. The log likelihood
statistic suggests preferred models by higher likelihood values (Harville, 1974). It is
also incorporated in Information-theoretic measures where the maximised likelihood
estimates are penalised by the number of free parameters to prevent inflation from
over-fitting. Two variants are used as diagnostics. The AIC, or Akaike Information
Criterion, (Akaike, 1973) and the BIC (Bayesian Information Criterion) – a.k.a. the
Schwarz statistic (Schwarz, 1978). Although typically unsuitable for absolute fit
decisions or comparative studies they do facilitate selection of parsimonious models
8

The symbol incorporating the bar, “R̄2 ”, is used to denote numerous different “pseudo”-R2
concepts within the broader statistics literature; within this thesis, its sole designation is for the
Nagelkerke variant.
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from candidate sets (Burnham & Anderson, 2002), with smaller values indicating
preferred models. These are defined by kp−2 ln(L̂), where: L̂ is the maximised value
of the likelihood function for the model; k is the number of estimated parameters in
the model; and for AIC p = 2 while for BIC p = ln(n).
The third concept of interest is normality of residuals. For testing normality of
residuals a robust version of the Jarque-Bera test is used. This incorporates robust
standard deviation (mean absolute deviation) to determine kurtosis and skewness
in testing normality. If significant it leads to a rejection of the null hypothesis that
residuals are normally distributed (Gel & Gastwirth, 2008; Jarque & Bera, 1980).
The fourth concept of interest is constant error variance – homoscedasticity9 .
Two tests are included for assessing homoscedasticity; a third commonly used test,
the Breusch-Pagan test (Breusch & Pagan, 1979), is omitted due to its sensitivity
to violations of the assumption of normal distribution in the residuals (Koenker,
1981) – which was discovered not to be satisfied over the course of the research. The
first test, the Koenker-Bassett (or studentised Breusch-Pagan) test is resilient in the
presence of non-normal error terms (Koenker & Bassett, 1982) and, if significant,
rejects the null hypothesis of homoscedastic residuals. The White test (White, 1980)
– an adaptation of the Breusch-Pagan test – explicitly specifies that the auxiliary regression includes original, squared and pairwise-interaction terms. Thus, the White
test is a more general test of homoscedasticity than the Breusch-Pagan test in that
the latter only tests for linear heteroscedasticity (Zaman, 1995)10 .
The final concept of interest is spatial autocorrelation. As previously indicated as
an initial test of the OLS model in the specific-to-general selection pathway, spatial
autocorrelation in the residuals is determined with a modified Moran’s I test (Cliff
& Ord, 1973). This is also applied to other models to assess whether or not spatial
autocorrelation has been addressed by the model in question.
Further discussion of regression diagnostics is presented in context (chapter 8).

7.4

Summary

A suite of five candidate models is presented, along with a model selection algorithm that combines specific-to-general and general-to-specific approaches. A brief
presentation of diagnostic tests is also included in order to assess selection outcomes.
Initial results are presented in the following chapter.
9

From the Greek, “homo” = “similarity” (alternatively, “hetero” = “difference”) and “skedasis”
= “dispersal’ (with spelling variants explained by Paloyo, 2011).
10
All of the (related) tests of heteroscedasticity referred to here employ “auxiliary” regression.
This involves regressing model residuals onto a set of original regressors plus modifications relevant
to the test. Thus, claims of a more general (non-linear) test of heteroscedasticity for the White
test are based on the inclusion of squares and cross-products in the auxiliary regression. This is
evident in the short R listing for a manual implementation of the White test (listing R.7). This
demonstrates the implementation for five variables using the studentised Breusch-Pagan routine
(in the absence of an explicit routine for the White test).
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8
Spatial modelling results

This chapter opens with the model selection results, followed by a presentation of
diagnostics. The results prompt a restatement of strategies motivating the spatial
analysis and concludes with a summary of implications associated with the selected
models.

8.1

Model selection

Results for the model selection process described in subsection 7.2.5 are summarised
for Sydney and Chicago case studies.

8.1.1

Selection process for Sydney

An OLS model is estimated and post-regression Lagrange Multiplier (LM) tests are
performed1 . Results are presented in table 8.1.
Table 8.1: Lagrange Multiplier test results (df = 1): Sydney
Test
LMρ
LMλ
RLMρ
RLMλ

Statistic

p-value

34.266
32.278
5.100
3.112

 0.0001
 0.0001
0.0239
0.0777

LM tests fail to indicate significant difference between ρ and λ and robust (RLM)
variants are used. RLM tests reject the null hypothesis H0 : ρ = 0 and fail to reject
the null hypothesis H0 : λ = 0. In response, a Spatial Durbin model (SDM) is
estimated.
On the basis of this determination that ρ 6= 0, a post-regression Likelihood Ratio
test (LRγ ) test is conducted (χ2 (5) = 16.487, p = 0.0056). Accordingly, H0 : γ = 0
1

For consistent handling across all variables, modelling for Sydney excludes the POA for The
University of Sydney (2006) due to missing data for Urbanisation.
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is rejected and SDM is selected as the preferred model2 .

8.1.2

Selection process for Chicago

Post-OLS-regression (R)LM test results are presented in table 8.2.
Table 8.2: Lagrange Multiplier test results (df = 1): Chicago
Test
LMρ
LMλ
RLMρ
RLMλ

Statistic

p-value

231.630
143.210
96.964
8.542

 0.0001
 0.0001
 0.0001
0.0035

Results of LM tests and robust variants fail to indicate that ρ and λ are significantly different from zero. As a result, an SLX model is estimated and a postregression Likelihood Ratio test (LRγ ) is conducted (χ2 (5) = −234.08, p  0.0001);
these results lead to rejection of the null hypothesis, H0 : γ = 0, and SDM is estimated in response. A further Likelihood Ratio test (LRλ ) is conducted (χ2 (5) =
118.12, p  0.0001) which leads to rejection of the null hypothesis, H0 : λ = 0, and
the Spatial Durbin Model is finally selected as a result3 .

8.2

Diagnostics

Model selection processes lead to the Spatial Durbin Model (SDM) as the favoured
model in both case studies. Diagnostics for both Sydney and Chicago are presented
in this section, extended to include all candidate models in the selection suite to
compare results of the selected models against excluded alternatives.
Table 8.3 presents “goodness-of-fit” statistics, including Nagelkerke R̄2 .
Nagelkerke R̄2 compares likelihood values of the null (intercept-only) model with
the estimated model. While Bivand (2010) states that R̄2 is an appropriate pseudoR2 statistic for comparing models derived from maximum-likelihood methods (as is
2

An alternative description of the process follows; this account relates directly to decision
points in the selection algorithm presented in section 7.2.5, starting on page 147. Robust LM tests
lead to the assessment that ρ 6= 0 and λ = 0 (table 8.1). This describes a situation in which the
preferred model will be either SAR or SDM, corresponding to the first possibility in Step 1(b) (page
148). Accordingly, the algorithm advances to Step 2(a) (page 150) and estimates SDM. Noting
that RLMρ indicates ρ 6= 0 the algorithm advances to Step 2(b) (page 150). A post-regression LRγ
result leads to SDM as the selected model and the process terminates.
3
An alternative description of the process (referring to details from section section 7.2.5,
page 147) follows. Post-OLS-regression Robust LM tests fail to reject null hypotheses, H0 : ρ = 0
and H0 : λ = 0. This suggests a number of model selection options, most immediately between OLS
or SLX. The situation corresponds to the 3rd possibility in Step 1(b) (page 148), which leads to
estimation of an SLX model. Following an LRγ test, the null hypothesis that H0 : γ = 0 is rejected
(Step 1(d), page 148) and SDM is estimated. The final phase tests between SLX and SDM (Step
1(f ), page 149). A post-SDM-regression test (LRρ ) is applied which results in a rejection of the
null hypothesis that H0 : ρ = 0. Since the cumulative results of testing indicate that ρ 6= 0 and
γ 6= 0, SDM is selected as the preferred model and the algorithm terminates.
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Table 8.3: Model comparison: “Goodness-of-fit” & R̄2 statistics
Model

LogLik

AIC

BIC

R̄2

Sydney

OLS
SAR
SLX
SEM
SDM

-178.19
-163.38
-166.33
-161.10
-155.14

370.39
342.77
356.66
338.20
336.27

392.62
368.18
394.78
363.61
377.56

0.5865
0.6205
0.6077
0.6302
0.6543

Chicago

OLS
SAR
SLX
SEM
SDM

-646.19
-529.61
-529.15
-538.12
-470.55

1,306.38
1,075.23
1,082.30
1,092.24
967.11

1,339.12
1,112.64
1,113.43
1,129.65
1,027.91

0.7974
0.7774
0.7777
0.7726
0.8082

Most favourable results for each case study indicated in bold

the case here), he also advises against resorting to common practice in interpreting
the results in terms of “explanatory power” – cautioning that in the absence of a raft
of assumptions being satisfied it is “just a number” (Bivand, 2014)4 . Thus, rather
than refer to the SDM results for R̄2 in the Chicago case as explaining over 80% of
variance, it is simply observed as supporting the selection of SDM over alternative
models. The same is noted of R̄2 for Sydney results. The Sydney case also indicates
greater difference in R̄2 results between the OLS and selected models than is evident
for Chicago.
A similar approach is applied to the reading of other “goodness-of-fit” diagnostics
in table 8.3. In the Chicago case there is unqualified support for SDM as the selected
model. This is mirrored in the Sydney case, with the singular exception of BIC which
indicates SEM and SAR models ahead of SDM. The fundamental difference between
the penalised “fit” diagnostics – AIC and BIC – is the amount of penalty applied,
with BIC imposing stronger penalties for model complexity5 . Whereas AIC may
select a model that is too big (for all n), BIC minimises this risk for sufficient n at
the cost of increased likelihood of selecting a model that is too small (for all n). Thus,
the only situation where they may reasonably disagree occurs when AIC favours a
more complex model than BIC, as occurs here where AIC indicates a preference for
SDM. This divergence in measures of model parsimony for the Sydney case study is
flagged for further discussion in the context of restating the research strategies for
the analysis (in section 8.3).
Table 8.4 presents robust Jarque-Bera (JB) diagnostics for all candidate models
in order to assess normality of the residuals.
Jarque-Bera statistics are highly significant for all models across both case stud4

Bivand (2014) extends these concerns to similar diagnostics loosely referred to as “goodness
of fit” statistics – such as Log Likelihood and AIC.
5
Note from chapter 7 that the difference between AIC and BIC is the penalty multiplier which
for AIC is 2 and for BIC is ln(n). Thus, as well as imposing stronger penalties for complexity, BIC
also introduces sample size, n, to the penalisation process.
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Table 8.4: Model comparison: Normality of residuals
(Jarque-Bera test, χ2 , df = 2)
Model

JB

p-value

Sydney

OLS
SAR
SLX
SEM
SDM

45.78
87.7
23.4
107.0
74.7

 0.0001
 0.0001
 0.0001
 0.0001
 0.0001

Chicago

OLS
SAR
SLX
SEM
SDM

4,210.9
12,127.0
3,243.9
6,970.0
5,485.9

 0.0001
 0.0001
 0.0001
 0.0001
 0.0001

ies, leading to rejection of the null hypotheses that residuals are normally distributed6 .
Assessment of heteroscedasticity is presented for all candidate models in table 8.5.
Table 8.5: Model comparison within case studies: Heteroscedasticity
Koenker-Bassett test

White test (df=20)

Model

KB

df

White

Sydney

OLS
SAR
SLX
SEM
SDM

16.98
17.72
9.94
10.17
10.81

5
5
10
5
10

0.0045
0.0033
0.4458
0.0706
0.3772

47.04
39.60
29.13
31.90
26.37

0.0006
0.0056
0.0852
0.0444
0.1540

Chicago

OLS
SAR
SLX
SEM
SDM

12.90
5.60
36.37
9.00
32.35

5
5
10
5
10

0.0243
0.3064
 0.0001
0.1090
0.0003

56.93
36.92
42.44
39.90
37.04

 0.0001
0.0119
0.0024
0.0051
0.0116

p

p

The Koenker-Bassett test is tolerant of non-normal residuals (as shown in table 8.4) and is used to test homoscedasticity. The null hypothesis is that residuals
are homoscedastic. Koenker-Bassett (KB) tests suggest homoscedasticity for SLX,
SEM and SDM models in the Sydney case study and for SAR and SEM in the
Chicago case study. The White test is also resilient to non-normal distribution
6

Simulation studies by Thadewald and Büning (2007) found that while Jarque-Bera tests were
superior to contenders under certain conditions (e.g., approximate distributional symmetry with
medium to long tails) they performed relatively poorly under other conditions (e.g., short-tailed or
bimodal distributions). Although residuals are leptokurtic (mildy for Sydney, strongly for Chicago)
no evidence of strong distributional asymmetry or bimodality is observed. In any case, alternative
tests of normality – Anderson-Darling, Shapiro-Wilks and Cramér-von Mises tests (Thode, 2002)
– were also applied and results confirmed outcomes produced by robust Jarque-Bera tests.
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of error terms and is more general in not making assumptions about the form of
heteroscedasticity. It contradicts a number of assessments of homoscedasticity indicated by KB tests. The White test diverges from KB test findings in determining
SEM in the Sydney case and both SAR and SEM in the Chicago case to display
heteroscedastic residuals. That is, according to results from White tests, the only
model presented in table 8.5 exhibiting homoscedasticity is SDM in the Sydney case
study. However, both KB and Whites tests are in agreement in their assessment
of SDM: in the case of Chicago, heteroscedasticity is indicated, whereas for Sydney
both tests indicate homoscedasticity.
Table 8.6 provides presents Moran’s I statistics for model residuals.
Table 8.6: Model comparison: Spatial autocorrelation of residuals (2-sided tests)
Model

Moran’s I

p-value

Sydney

OLS
SAR
SLX
SEM
SDM

0.2972
0.0200
0.2203
-0.0330
-0.0338

 0.0001
0.6165
 0.0001
0.5930
0.5828

Chicago

OLS
SAR
SLX
SEM
SDM

0.2412
0.0158
0.2508
-0.0448
0.0052

 0.0001
0.3909
 0.0001
0.0284
0.7448

In both case studies Moran’s I statistics for the selected model (SDM) indicate
an absence of spatial autocorrelation in the residuals – a characteristic shared by
some alternative spatial models in the test suite, namely SAR and SEM for the
Sydney case study and SAR in the Chicago case study. However, for SAR and
SDM, a Lagrange Multiplier (LM) test is also available7 . In the case of Chicago, LM
tests for those models confirm results presented in table 8.6 (LMSAR = 1.0592, p =
0.3034; LMSDM = 0.4626, p = 0.4964). In the case of Sydney, LM tests confirm the
absence of spatial autocorrelation in the SAR model (LMSAR = 0.3676, p = 0.5443)
but contradict results in table 8.6 for SDM and indicate that residuals exhibit spatial
autocorrelation (LMSDM = 5.8438, p = 0.0156). Implications are discussed in the
following section.

8.3

Reflection on modelling

A brief reflection on the modelling process is used to address issues flagged in diagnostics of the preferred models. This is presented in three parts: (i) a re-statement
7

This test is only available for models which do not include the spatial error component – λW u
– since, by definition, such models explicitly incorporate spatial autocorrelation in the residuals.
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of purpose; (ii) a discussion on modelling assumptions; and (iii) a review of that
discussion as it applies to results obtained above.

8.3.1

Purpose

Modelling decisions propagate throughout the research process and affect key aspects
of interpretation which are revisited here8 .
Explicitly identifying the purpose of modelling frames the research process and
interpretative elements of it. In chapter 1 the possibilities are discussed as “research
strategies” (subsection 1.4.1) of which five are summarised: (i) exploration; (ii)
description; (iii) explanation; (iv) application; and (v) prediction. At that point the
research was described as employing a combination of exploratory and explanatory
strategies. These strategies reflect the research purpose. The following summary
borrows from work of Shmueli (2010) – who divides the reasons for modelling into
three needs – description, explanation or prediction9 .
Shmueli (2010) describes the purpose of descriptive modelling as focussed on
concise summary of complex data. Thus, in the context of regression, the interest is
purely on describing an association between dependent and independent variables.
Predictive modelling is used to derive unobserved values. In the case of regression,
predicted y values are based on new input to the regressors, X. This would align
with research into the development of crime-risk mapping, for example. Explanatory
modelling is used to test data against assumptions of causality derived from a body
of theory. This resonates with the current research. Shmueli notes considerable
confusion between predictive and explanatory modelling and devotes most of the
article to establishing differences between the two and ramifications which follow.
Explanatory modelling is pervasive in many scientific disciplines. In some disciplines – such as many of those under the “social sciences” banner – it is used
almost exclusively. Like descriptive modelling, regression is employed as a tool for
determining association between dependent and independent variables. Unlike descriptive modelling, it is motivated by a theoretical framework and, as a result, the
focus is at the level of conceptual constructs rather than being constrained to that
which is inherently measurable. This is a crucial observation. It is the embeddedness of theory that justifies arguments for causality in explanatory modelling.
8

On the one hand, such a fundamental issue as research “purpose” might be expected at
the start of the thesis; on the other, the fact that its fundamental quality permeates pragmatic
aspects of research proceedings might expect it located at points of greatest relevance. Here,
both approaches are adopted. Following a general decision to add cognitive load where it is most
relevant, detailed discussion is presented in situ, informed by context; as a matter of signposting,
the issue is also given brief mention in the introductory chapter.
9
Two of the strategies presented in chapter 1 are not explicitly referred to by Shmueli – exploration and application. However, despite the current research introduced as both exploratory
and explanatory, the lack of reference to exploratory research by Shmueli does not compromise
the reason for presenting the discussion, which is primarily to distinguish current needs from those
more typical of predictive modelling.
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Methodologically, the need for maintaining a distinction between “correlation” and
“causality” is not in question (Mastrobuoni & Pinotti, 2014). Therefore, introducing
evidence of correlation as the basis for exploring theoretical propositions relating to
causality appears anomalous. The resolution employs an apparent sleight of hand.
Since theories of causality are tested using association-based models, the resolution
uses etiological assertions in the theoretical model. That is, when interpreting the
results, Shmueli (2010, p.290) argues that:
. . . theory itself provides the causality. In other words, the role of the
theory is very strong and the reliance on data and statistical modeling
are strictly through the lens of the theoretical model.
A number of issues arise from identifying the purpose of the research as primarily
explanatory. The first is the nature of explanatory versus predictive power of the
model and the idea that the latter can be inferred from the former – a concept
that Shmueli (2010) dismisses. Measures of explanatory power indicate relationship
strength, for which diagnostics such as R2 are appropriate. Alternatively, measures
of predictive power might involve out-of-sample data, for example. While measures
of predictive power may be reasonably applied to explanatory models, the reverse
is not the case. Thus, the inclusion of goodness-of-fit diagnostics is appropriate for
current purposes. This is also relevant to model selection, since in explanatory modelling comparison is based on explanatory power diagnostics which favours nested
models – evident in the Elhorst (2010a) selection procedure and the model suite to
which it is applied.
The second issue of relevance is the interpretation of model coefficients and pvalues. Explanatory power may be incrementally optimised by adding or excluding
variables based on their level of influence within the model. However, since explanatory modelling is fundamentally theory-driven, such processes risk fracturing
the theory-data relationship which Shmueli argues to be particularly strong in the
social sciences. That is, the statistical model is paradigmatically representative of
the conceptual model in the explanatory case. For such reasons, it might be decided
to maintain a statistically insignificant covariate in the model on the basis that it is
theoretically relevant10 .
A third issue of relevance is the role of information-criteria diagnostics – such
as AIC and BIC. Being asymptotically equivalent to leave-one-out cross-validation
in the context of regression, the AIC is based not on finding the “true” model but
more closely targeted to out-of-sample predictive accuracy. Thus, any perception
that these diagnostics appear to compete with or contradict each other is countered
by claims that the AIC measures predictive accuracy while the BIC measures average
10

Shmueli provides an example of explanatory healthcare modelling which frequently include
data for smoking even when the covariate indicates insignificance in the model. Theory – not
statistical significance – dictates its presence in the model.
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likelihood; the BIC is therefore regarded as a more appropriate goodness-of-fit metric
for explanatory modelling (Sober, 2002).
A final issue of relevance relates to the reporting aspects appropriate to the
modelling paradigm being used. It follows directly from research motivations that
while predictive modelling will tend to focus on observation-level data, predictions
across models and metrics based on predictive power, the current work – as an
example of explanatory research – will generate conclusions based on statistical
inference and unobservable constructs, framed in the context of criminological theory
with whatever degree of causality is inherent to such theory.

8.3.2

Threats to modelling assumptions

A number of potential threats to widely held modelling assumptions are discussed
in order to advance discussion on some of the diagnostics presented previously. The
relevant threats are: (i) the existence of outliers; (ii) non-normality of residuals; (iii)
heteroscedasticity; and (iv) spatial autocorrelation of residuals.
8.3.2.1

Outliers

Related to an assumption of model linearity is that there are no influential outliers
in the data. This is included with the list of diagnostic issues due to the decision to
maintain extreme values in the data where they are found not to be erroneous. Stock
and Watson (2020) define this assumption in terms of finite kurtosis, a condition
likely to be satisfied in data of finite range. In such circumstances, they state
that inferences are unlikely to be dominated by a few extreme values. That being
said, Cook’s distance, D, is a readily available means of assessing the presence
of influential values in linear regression models (Cook, 1977) and is employed in
evaluating the decision to include extreme values.
8.3.2.2

Non-normality of residuals

Normality of residuals is a commonly stated assumption of linear regression. Since
robust Jarque-Bera tests reveal that neither of the preferred models demonstrate
normal distribution in the residuals this assumption invites comment.
The first comment is simply that no alternative models demonstrate normality
in the residuals. That is, the results of table 8.4 have no impact on redirecting model
selection away from the Spatial Durbin Model.
More important, then, is commentary that suggests the normality assumption itself should be re-evaluated. Gelman and Hill (2007) firmly position residual normality as the least important of all classical assumptions, stating that the consequences
of violating it are rarely serious with respect to regression inferences and – in contrast with tradition – they do not even recommend diagnostic tests for it. Although
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maintaining some support for the normality assumption, Greene (2018) notes that
it is unhelpful in typical uses of multiple regression and discards the assumption for
most practical purposes. Other commentary frames the discussion in terms of the
effects of the Central Limit Theorem (CLT), arguing that the assumption should be
relaxed for sufficiently large sample size (e.g., Lumley et al., 2002; Pek et al., 2018).
Advice regarding sample-size heuristics varies. F and t tests are claimed to suffer
only marginally by severe non-normality with n > 30 (Boneau, 1960). Lumley et al.
(2002) state that the assumption of normality may often be relaxed with samples
less than 100 and under 500 for extreme deviation. As well as the degree of deviation
from normality, symmetry is noted as improving the rate of convergence due to the
CLT (Pek et al., 2017).
A final comment relates to various statements of fallibility or unsuitability of
statistical tests for normality, recommending that visual tools be used in preference
or as an adjunct (e.g., Kozak & Piepho, 2017; Seber, 1977).
8.3.2.3

Heteroscedasticity

Constant variance of residuals (homoscedasticity) is a frequently stated assumption
of linear regression and its violation is associated with adverse effects on standard
errors and confidence intervals. Table 8.5 shows agreement between Koenker-Bassett
and White tests in finding the preferred model for Sydney to be homoscedastic;
however, for Chicago both tests fail to reject the null hypothesis of homoscedasticity.
The first comment on the assumption of homoscedasticity relates to context.
In many scenarios, heteroscedasticity is a reasonable expectation. For example, in
regressing housing costs based on income it may be anticipated that higher incomes
permit multiple criteria to influence decision-making, whereas housing choices at
lower incomes are constrained by budget and demonstrate a tighter coupling between income and housing costs; heteroscedasticity is entirely expected in this scenario (Grekousis, 2020). The assumption of heteroscedasticity is not uncommonly
recognised as dependent on theoretical context and characteristics of the data, indicating a shift from classical assumptions based on theoretical ideals to contextualised
assessment and pragmatism. In some texts the assumption of homoscedasticity is
stated but then relaxed (e.g., Greene, 2018). In others, it not only fails to be stated
as an assumption but is the subject of caution, such as by Stock and Watson (2020,
p. 292) who stridently state that:
. . . economic theory rarely gives any reason to believe that the errors
are homoskedastic. It therefore is prudent to assume that the errors
might be heteroskedastic unless you have compelling reasons to believe
otherwise.
The second issue relates to the effects of heteroscedasticity, and in this regard it is
simply noted that OLS estimators are described as consistent, unbiased and asymp161
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totically normal regardless of heteroscedasticity (Stock & Watson, 2020; White,
1980). However, it is less efficient (requiring more observations for the same level of
performance) and this can potentially affect inferences; furthermore, appreciating
the likely ramifications of heteroscedasticity may depend on gaining an understanding of its functional form (Hayes & Cai, 2007).
The final issue concerns a response to the presence of heteroscedasticity. The
recommendations by Stock and Watson (2020) are again noted in terms of adopting heteroscedasticity as a reasonable by-product of many modelling scenarios and
responding to its presence by the use of heteroscedasticity-consistent (HC) robust
standard errors. The use of HC standard errors leaves coefficients intact but will
alter p-values as standard errors change (Grekousis, 2020). Thus, coefficients are determined by regression processes, and standard errors are then separately computed
using robust HC methods (Hayes & Cai, 2007)11 .
8.3.2.4

Spatial autocorrelation of residuals

Evidence of spatially autocorrelated residuals in OLS models is presented as a motivator for the selection of spatial models (chapter 7). Whereas estimation of regression coefficients remain unbiased, spatial autocorrelation in the residuals leads
to biased error variance estimation resulting in potentially misleading significance
tests and goodness-of-fit diagnostics (Anselin & Griffith, 1988).
While tests of the preferred model for Chicago indicate no spatial autocorrelation
in the residuals, for Sydney the results are contradictory (table 8.6): a Moran’s
test suggests no spatial autocorrelation while a Lagrange Multiplier test suggests
otherwise.
The presence of spatially autocorrelated residuals indicates that not all spatial autocorrelation has been accounted for by spatial treatment of variables in the
model. Two possibilities follow. One is that the treatment of variables has not fully
captured spatial relationships present in the data. In the case of OLS, this motivated
the use of models with spatially treated components. In the case of spatial models,
alternative treatments of the variables might resolve the issue. For example, in the
Sydney case, both tests confirm SAR as indicating no residual spatial autocorrelation; however, it should also be noted that alternative models exist in addition to
those of the five-model test suite presented in chapter 7. The second possibility is
that the model specification excludes variables which would account for the spatial
autocorrelation. This is variously referred to as “omitted variable bias”, “selection
bias” or (in econometrics) “endogeneity bias” (Mastrobuoni & Pinotti, 2014).
With respect to both of these potential effects, results for Sydney (table 8.6)
are worth noting. Assuming for the case of argument that SDM exhibits spatial
11

Despite presenting heteroscedasticity as a manageable and not necessarily unexpected outcome, chapter 11 responds to its presence in Chicago diagnostics as one motivation for exploring
alternative models.
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autocorrelation in the residuals (as per results of the LM test), the assessment of
SEM as indicating no such spatial autocorrelation is worth noting. The point of
interest is that SEM is the only model in the test suite that includes a spatially
treated error component, γW u. In regards to the first point, it raises the question
as to whether or not the inclusion of a spatially treated error component in higherorder models may be useful. That is, it presents an argument for exploring an
extended model suite. In regards to the second point, the spatially treated error
term may account for the effects of omitted variable bias. That is, the assessment of
SEM as exhibiting no spatial autocorrelation in the residuals may provide support
for the argument that unobserved variables exert significant spatial effects on the
dependent variable.
Finally, with respect to advice regarding addition of further variables in attempts
to address residual spatial autocorrelation (e.g., Grekousis, 2020), it is worth considering this option in terms of modelling purpose. Where there is a strong coupling
between theory and data – as is the case in explanatory modelling – it may be more
appropriate to observe spatial autocorrelation as a result rather than as a nuisance
to be eradicated. Conversely, in predictive modelling it may be seen as a motivator
to bring additional variables into the model as a means of improving forecasting
outcomes.

8.3.3

Implications for diagnostics

The previous discussion provokes the following pragmatic responses.
8.3.3.1

“Outliers”

In response to the possibility of influential extremes, Cook’s D is applied as an
additional OLS diagnostic (Cook, 1977). In the Chicago case study, no such extremes
are observed. In the case of Sydney, one extreme value was observed at a threshold
of D = 1, or two values at a lower threshold of D = 0.5. This is presented in the
context of “leverage” in appendix M. Despite methodological decisions to maintain
extreme values in the data set – in keeping with the nature of explanatory modelling
– these were temporarily removed for the purpose of testing potential influences on
outcomes. No influence was found on either the modelling selection results or on
coefficient significance in selected models. Results confirm the decision to include
extreme values in the data sets.
8.3.3.2

Non-normality of residuals

With respect to non-normality of residuals (table 8.4), it is worth restating one
response to such has been already incorporated, namely in excluding the BreuschPagan test of heteroscedasticity in favour of the studentised version (the Koenker-
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Bassett test) and the White test. Both are more resilient to non-normal residuals. As
for the assumption of non-normality, claims of minimal consequences for inference
are noted, boosted by large sample sizes that are relatively large in the case of
Chicago (n = 794) and moderate in the case of Sydney (n = 177). Furthermore,
distribution of all residuals – and, importantly, for SDM as the selected model –
exhibits moderate symmetry for both cases. This is evident in figure 8.1 which
presents QQ plots and histograms. Sydney indicates moderate right skew (skewness
= 0.0856) and while Chicago indicates strong left skew (-1.1010), plots reveal a
symmetric distribution that is affected by negative outliers12 . Where observed,
symmetry is relevant as it is found to improve convergence.

Figure 8.1: Plots of residuals for Spatial Durbin Models:
QQ plots (top), histograms (bottom) – Sydney (left) and Chicago (right)

12

Less relevant is kurtosis, which is 12.62 for Chicago and 2.72 for Sydney; note from appendix H
that the formula for kurtosis indicates “excess kurtosis” – i.e., relative to zero.
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Heteroscedasticity

Heteroscedasticity was observed in the SDM residuals for Chicago (table 8.5) from
both Koenker-Bassett and White tests. The argument against expecting social
data to generate models with homoscedastic residuals is noted, although possibly
compromised by observations of homoscedasticity in other estimated models. In response, heteroscedasticity-consistent (HC) methods are used to to ensure consistent
standard errors (Davidson & MacKinnon, 1993; MacKinnon & White, 1985; White,
1980) in all models exhibiting heteroscedasticity13 . This is applied to all affected
models – including reports of alternative models in various appendices.
8.3.3.4

Spatial autocorrelation of residuals

Based on Moran’s I tests in table 8.5, residual spatial autocorrelation is indicated
as not evident in the selected models. This suggests that spatial relationships are
accounted for by the Spatial Durbin model. However, in the Sydney case study,
the situation is confounded by conflicting diagnostics from the Lagrange Multiplier
(LM) test. Resolving this conflict in favour of results from the LM test – namely,
that residual spatial autocorrelation exists – a number of responses follow from prior
discussion14 .
In response to the possibility that this outcome might be improved by alternative
modelling strategies, results for an extended model suite are presented further in the
chapter15 . In response to the proposition that the outcome may be “corrected” by
the addition of further variables, guidance comes from the prior statement of modelling purpose. Thus, while omitted variable bias may explain the remaining spatial
autocorrelation in the residuals, the methodology does not include the exploratory
addition of variables as a means of identifying potentially unobserved variables in the
current model. The justification for this decision lies with the explanatory nature
of the modelling and the tight coupling between theory and data that characterises
it. Variables are derived from the theoretical basis for the research – in this case,
an augmented version of Social Disorganisation Theory.

13

Reporting of HC-corrected standard errors and p-values is indicated by the parenthesised
identifier “(robust)” in table captions. In all cases, HC0 – White’s (1980) estimator – is used;
other estimators – HC1, HC2 and HC3 – are asymptotically equivalent with improved properties
for small samples (Hayes & Cai, 2007), an issue which was not found to be relevant.
14
Plots of residuals are included in the graphics presented towards the end of the chapter (figures
8.2 and 8.3. Foreshadowing that presentation, a plot of residuals supports results of the LM test,
namely that the model for Sydney indicates significant spatial autocorrelation of the residuals.
15
This is presented in following section (section 8.4) in terms of a general comparison of all
models within the extended suite. Note, however, that the basis for the conflicting assessment – the
LM test – is not available for additional models since all contain a spatial treatment of the residual
component (λW u). Instead, alternative are considered based on other factors. Foreshadowing that
account, no basis for selection of an alternative model to SDM appears justified.
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Exploring an extended model suite

Following model selection and consideration of the diagnostics that followed, this
section contributes to the model validation process by comparing outcomes within
an extended suite of econometric models. Models are presented and then results
discussed for Sydney and Chicago.

8.4.1

The extended model suite

Table 8.7 presents the extended econometric model suite16 . This selection completes
the test suite by including all eight combinations of spatially treated components
– five from the test suite plus three additional models17 . The formulae reveal a
hierarchical relationship between models, hinted at in figure 7.1 (page 142), and
described as follows: (i) level 0 contains a model with no spatial treatment (OLS);
(ii) level 1 contains three models, each with a different single regression component
give spatial treatment (SAR, SLX and SEM); (iii) level 2 contains three models with
two spatially treated components (SDM, SAC and SDEM); and (iv) level 3 where
all three components are given spatial treatment (GNS).
Table 8.7: Expanded model suite: models in current suite (upper panel) and
additional models (lower panel)
Ordinary Least Squares
Spatial Autoregressive
Spatially Lagged-X
Spatial Error Model
Spatial Durbin Model

OLS
SAR
SLX
SEM
SDM

y
y
y
y
y

= Xβ + ε
= ρW y + Xβ + ε
= Xβ + W Xγ + ε
= Xβ + u, u = λW u + ε
= ρW y + Xβ + W Xγ + ε

Spatial Autoregressive Combined
Spatial Durbin Error Model
General Nesting Spatial

SAC
SDEM
GNS

y = ρW y + Xβ + u, u = λW u + ε
y = Xβ + W Xγ + u, u = λW u + ε
y = ρW y + W Xγ + u, u = λW u + ε

Tables of coefficients for all models are presented in appendix N, with the exception of those for selected models which are included as part of model interpretation in
chapter 9. Here, the information in those tables is condensed into tables 8.8 and 8.9
for Sydney and Chicago, respectively. With the exception of the intercept – which
is included for completeness – the top panel of each of these tables lists non-spatial

16

Notational conventions follow those introduced in chapter 7. The following three models are
added: (i) The SAC (Spatial Autoregressive Combined) model which includes spatial treatment of
dependent and residual components; (ii) the SDEM (Spatial Durbin Error Model) which includes
spatially treated independent and residual components; and (iii) the GNS (General Nesting Spatial)
model, which applies spatial treatment to all three components. GNS is also known as the “Manski”
model; SAC is known by a variety of alternative names, most commonly as the “Keleijan-Prucha”
model. Elhorst (2010a) provides a good overview of all models.
17
Three regression components (dependent, independent and residual) which may assume two
states (spatially treated or not) results in eight possibilities: 23 = 8.
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(β-) independent components, the middle panel lists scalars for the spatial dependent (ρ) and spatial residual (λ) components, and the lower panel lists spatially
treated independent (γ-) components. The selected model (SDM in both cases) is
shaded as a point of reference; conveniently, it also identifies additional models to
the test suite which occur to the right of SDM. Entries indicate significant positive
(“+”), significant negative (“–”) or insignificant (“0”) coefficients and the entry is
left blank where the component is not specified in the model.

8.4.2

Summary of model coefficients: Sydney

Table 8.8 summarises results for all Sydney models.
Table 8.8: Summary of coefficient significance across models: Sydney
Variable
(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
λ

OLS

SAR

SLX

SEM

SDM

SAC

SDEM

GNS

0
0
0
0
+
0

0
0
0
0
+
0

0
0
0
0
+
+

0
0
0
0
+
0

0
0
0
0
+
+

0
0
+
0
+
+

0
0
0
0
+
+

0
–
+
0
+
+

+

0
+

+

+
–

0
0
0
0
0

+
–
0
0
–

+
+

γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

+
0
+
0
0

+
0
0
0
0

‘+’ = Significant positive; ‘–’ = Significant negative; ‘0’ = Not significant (α = 0.05)

Results from the table are discussed in two rounds: (i) summary of results for
SDM as the selected model; and (ii) potentially anomalous results.
The table provides a first glimpse of results for SDM. Of non-spatial independent
components (Xβ) only Disruption and Urbanisation are significant. Of the spatially
treated independent components (W Xγ) only γ-Disadvantage is significant18 . Finally, the spatially treated dependent component (ρW y) is also significant. All
significant coefficients are positive. With the exception of the GNS model, there is
a reasonable amount of stability in the pooled results and SDM does not appear to
deviate from the broad spectrum indicated in the table.
However, there exist a number of apparent anomalies in each of the three models
used to extend the model suite, which ultimately discredit them as alternatives. In

18

Notional shorthand is applied to independent variables to emphasise their role. Where they
represent non-spatial components the variable name suffices. Where they represent spatial components the variable name is prefixed by “γ-”.
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the case of SAC, the inclusion of ρ in the model formulation generalises SEM; however, ρ is insignificant which renders the generalisation unhelpful. Similarly, SDEM
generalises SEM by including a spatial component for independent variables, W Xγ,
but all five of these coefficients are also insignificant. Finally, GNS includes results
that diverge considerably from those of any other model: negative significance for
(non-spatial) Disadvantage, negative significance for spatially treated independent
variables γ-Heterogeneity and γ-Urbanisation, and – as an example of what Kao and
Bera (2016) refer to as the “curious case of negative spatial dependence” – negative
significance for λW u, the spatially treated error component19 .

8.4.3

Summary of model coefficients: Chicago

Table 8.9 summarises results for all Chicago models from the extended suite.
Table 8.9: Summary of coefficient significance across models: Chicago
Variable
(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
λ

OLS

SAR

SLX

SEM

SDM

SAC

SDEM

GNS

0
+
–
+
+
–

0
+
–
+
+
–

0
+
–
+
+
–

0
+
–
+
+
–

0
+
–
+
+
–

0
+
–
+
+
–

0
+
–
+
+
–

0
+
–
+
+
–

+

+
+

+

0
+

+
0
+
+
+

+
0
+
+
+

+
+

γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

+
0
+
+
+

0
+
0
+
+

‘+’ = Significant positive; ‘–’ = Significant negative; ‘0’ = Not significant (α = 0.05)

With respect to an overview of results for SDM, the non-spatial independent
component is significant for all variables: positive for Disadvantage, Mobility and
Disruption; and negative for Heterogeneity and Urbanisation. These results are
consistent with those for all alternative models. Similarly, the spatially treated
dependent component, indicated by ρ, is significant and positive – a result that
is also duplicated as appropriate elsewhere, with the exception of GNS where it
19

One broad theoretical explanation of negative spatial autocorrelation in the dependent variable
is framed in terms of competition. An example might be where successful industry in one region
impacts negatively on industry in neighbouring regions due to competition from lack of resources.
As a result, success in region i comes at the expense of success in region j. This is also known
as the “backwash effect” in reference to the flow of resources from one region to another (Kao &
Bera, 2016). However, it is difficult to see how this might be extended to the error term and how
it might be accounted for in criminological theorising on violence. In any case, its presence only
adds to the anomalous results obtained for GNS.
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is insignificant. Finally, spatially treated independent variables are significant and
positive for γ-Heterogeneity, γ-Disruption and γ-Urbanisation.
With respect to anomalous results in the behaviour of coefficients, the only issue
is in the relationship between GNS and SDEM, where the former generalises the
latter by inclusion of spatial treatment of the dependent component, ρW y. However,
ρ is insignificant and all other components indicate the same behaviour as SDEM.

8.5

Maps of selected models

The discussion concludes with the mapping of results for Sydney and Chicago (in
figures 8.2 and 8.3, respectively). Given the emphasis on explanatory modelling, no
out-of-data tests are provided; rather, the maps are a visual aid to further diagnosis
of the selected models. For that reason, the bottom two maps are reproduced from
chapters 5 and 6 for convenient reference.
In the case of Sydney (figure 8.2) the choropleth produced by the Spatial Durbin
model bears good resemblance to the choropleth for Violence20 . However, the plot
of residuals (top-right) indicates clustering21 . This resonates with findings of the
Lagrange Multiplier test that the residuals exhibit spatial autocorrelation. The
LISA plot for the model identifies eastern and western high-value (red) clusters and,
although it also identifies the central cluster, it is displaced. Additionally, the lowvalue clusters are well-placed but are an areal superset of the low-value clusters for
Violence – most notably with the eastern-most cluster which extends northward in
the Spatial Durbin model.
In the Chicago case (figure 8.3) correspondences between model choropleths and
LISA plots with those representing Violence are much stronger than in the Sydney
case. While some of this visual similarity may be facilitated by the increased “resolution” in the Chicago study, the residual plot lends weight to the assessment that
it is a better fit and reflects diagnostics of no significant spatial autocorrelation in
the error terms.

20

As mentioned in chapter 5, all choropleths generated from data-sets use quantile cut-points.
However, model-generated choropleths preserve the cut-points from the data-generated map for
comparative purposes. These are reproduced using quantile cut-points in appendix Q.
21
Note that residual plots follow the example of choropleths in being created as quantile plots
– with three differences: (i) The median is replaced by the mean to ensure the reader can identify
positive and negative residuals; (ii) The same number of bins is provided for each sign; and (iii)
a divergent colour scheme is used (red for positive values and green for negative values with more
saturated shading representing increased magnitude).
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Figure 8.2 has been removed from this version of the Thesis.

Figure 8.2: Spatial Durbin Model (SDM) plots for Sydney (top-to-bottom,
left-to-right): Choropleth of SDM fitted values, residuals, LISA plot of SDM fitted
values (I = 0.6591, p  0.0001), significance plot, and – for comparison –
choropleth and LISA plots of Violence (I = 0.5224, p  0.0001)
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Figure 8.3 has been removed from this version of the Thesis.

Figure 8.3: Spatial Durbin Model (SDM) plots for Chicago (top-to-bottom,
left-to-right): Choropleth of SDM fitted values, residuals, LISA plot of SDM fitted
values (I = 0.8374, p  0.0001), significance plot, and – for comparison –
choropleth and LISA plots of Violence (I = 0.7033, p  0.0001)
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Summary

The previous chapter (chapter 7) describes the model test suite, the model selection process and diagnostics. This chapter presents the results from applying those
processes and delves into supporting argument as required.
For both Sydney and Chicago, the Spatial Durbin model (SDM) is selected.
Diagnostics are applied to all contender models as a basis for validating the model
selection algorithm. Results strongly favour the selections, but also raise a number
of issues.
In the Sydney case, all “goodness-of-fit” diagnostics confirm SDM as the preferred model, with the exception of BIC which rated it third following SEM (1st )
and SAR (2nd ). Residuals are observed to be homoscedastic and non-normal. However, while Moran’s I indicates absence of spatial autocorrelation in the residuals,
this is contradicted by other evidence, namely a Lagrange Multiplier test and observations of SDM residuals on mapping.
In the Chicago case, all “goodness-of-fit” diagnostics favour SDM as the preferred model. Residuals indicate no spatial autocorrelation, but are non-normal and
heteroscedastic.
While some diagnostic issues were flagged, in each case study the diagnostics
collectively provide broad support for SDM and suggest no alternatives among the
test suite. A reconsideration of modelling fundamentals provides a foundation for
understanding implications of the issues raised.
Reaffirming the fundamental purpose of modelling (as explanatory and exploratory)
sets the scene for reviewing “goodness-of-fit” diagnostics and those relating to residuals: specifically regarding issues of non-normality, heteroscedasticity and spatial
autocorrelation.
The focus on explanatory modelling establishes a context within which research
processes are theoretically driven. Apart from implications for arguments of causality – which will be revisited in the concluding chapters of the thesis – it addresses
three issues relevant to the diagnostics. First, the use of “goodness-of-fit” statistics,
including pseudo-R2 , are reasonable measures of model behaviour – as opposed to
the use of out-of-sample data more relevant to predictive modelling. Second, with
respect to differences in information-criteria diagnostics, the AIC is identified as
more aligned with predictive modelling whereas the BIC is more relevant to the
needs of explanatory modelling. Third, variable preservation is more important
than model optimisation; thus, the addition and subtraction of variables to improve
model accuracy is a threat to the crucial coupling between theory and modelling
practice.
Diagnostics of residuals are given specific focus. Non-normality is discussed as
a threat to linear regression assumptions with rare impacts on outcomes and which
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may be relaxed with sufficient sample size, improved by distributional symmetry.
Heteroscedasticity is argued to be a context-dependent outcome that in many scenarios should be expected. In response, heteroscedasticity-consistent (HC) robust
standard errors should be determined in order to derive p-values for interpretation.
Finally, the presence of spatial autocorrelation motivates a number of responses.
Methodological responses include the possibility of omitted variable bias and the
exploration of alternative models. Interpretative responses include that in an explanatory context spatial autocorrelation in the residuals is embraced as a result.
The results of incorporating these observations into the diagnostics are as follows.
In the case of Sydney, three main diagnostic issues are flagged. First, residuals
are non-normal. This is dismissed as a serious threat on the basis of general advice,
facilitated by moderate sample size and distributional symmetry. Additionally, the
diagnostic does not suggest alternatives since all models indicate non-normality.
Second, spatial autocorrelation is likely to be present in the residuals, based on
the LM test and a map of SDM residuals. Third, all “goodness-of-fit” diagnostics
support SDM as the selection, with the exception of the BIC. The BIC presents
more favourable results for SEM and SAR, both of which are also likely to be
free of spatial autocorrelation in the residuals. An exploration of alternative models
indicates that extensions to the test suite (SAC, SDEM and GNS) present anomalous
results and are excluded on that basis. However, both SAR and SEM appear as
reasonable contenders to SDM. Nevertheless, SDM is strongly favoured by remaining
diagnostics. Therefore, SDM is confirmed as the selected model for the purposes
of interpretation with SEM and SAR recognised as potential alternatives22 . The
spatial treatment of both Violence and the five social indicators makes SDM an
attractive selection on a theoretical basis. The presence of spatial autocorrelation
in the residuals is noted as indicative of possible omitted variable bias or, perhaps,
that postal areas do not map as well to social conditions in Sydney as census tracts
do in Chicago.
For Chicago, two diagnostic issues are flagged. The first, non-normal residuals, is dismissed on the same grounds as for Sydney. The second relates to heteroscedasticity. Using the Koenker-Bassett test, only SEM and SAR are indicated
as homoscedastic; however, using the stronger White test no models indicate homoscedasticity. In response, the reporting for SDM in the Chicago case uses HCrobust processes to derive standard errors and resulting p-values.
In summary, the selection process indicates SDM as the preferred model for both
studies, despite SAR and SEM also suggested as contenders in two diagnostics. On
the balance of evidence – tests built into the selection process and most diagnostics
– the selection is confirmed. SDM also resonates with theoretical interest in the
potential for spatial influences in both dependent and independent variables.
22

Details for all models are tabulated in appendix N for inspection.
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The previous chapter proposed the Spatial Durbin model (SDM) as appropriate
for both case studies. This was determined as the result of the model selection
process presented in chapter 7, followed by an exploration of diagnostics. The current
chapter interprets these as models; ramifications of such for theory are deferred for
discussion in chapter 12.
This proceeds in four sections. The first summarises a “spatially naı̈ve” approach
which inherits interpretation from non-spatial modelling. The second presents an
account of recommended practice for interpretation of spatial models. The last two
sections apply these methods to the Sydney and Chicago case studies, respectively.

9.1

Spatially naı̈ve interpretation

In addition to diagnostics such as those presented in chapter 8, the immediate output of regression includes coefficient estimates, standard errors, p-values, etc. –
HC-corrected for heteroscedasticity as appropriate. Such results form the basis for
traditional approaches to model interpretation which are not uncommonly extended
to analysis of spatial models. This extension of non-spatial interpretation is referred
to here as “spatially naı̈ve” to emphasise that it is inappropriate for many spatial models. The discussion is framed in terms of each model component in SDM,
reproduced for convenience from equation 7.5 as: y = ρW y + Xβ + W Xγ + ε.

9.1.1

The non-spatial independent component, Xβ

The non-spatial independent component is included in all models under consideration. Thus, there is always a local effect on the dependent variable included in the
model. OLS is the minimalist expression of this and its interpretation incorporates
the significance, magnitude and sign of β-coefficients. This practice suggests two
possible extensions in the analysis of spatial models. The first is that the interpretation of β-coefficients in spatial models proceeds as in the case for OLS, on the basis
that they represent a non-spatial component even within a spatial model (evident in
174

CHAPTER 9. INTERPRETING THE MODELS

9.1. Naı̈ve interpretation

the absence of the spatial weights matrix, W ). The second extension extrapolates
this process of non-spatial interpretation to spatially treated components. However,
while exposure to OLS grants such extensions an intuitive appeal, neither necessarily
holds in spatial models.
An example from Sydney results is that β-coefficients for Disruption in SDM are
significant and positive1 . This suggests that the coefficient magnitude for Disruption
represents a degree of positive correlation with Violence in the local area, all other
variables being held constant.

9.1.2

The spatially treated independent component, W Xγ

The presence of a spatially treated independent component refers to the modelling
of extra-local influences between the independent and dependent variables.
Extending practice from interpretation of β-coefficients in OLS, γ-coefficients
are examined and directly applied to model analysis. For example, in results for
Sydney γ-Disadvantage is found to be significant and positive. It is also noted that
β coefficients for Disadvantage are insignificant. Thus, it might be posited that
while there is no local relationship between Disadvantage and Violence (using βcoefficients) there is evidence of extra-local influences (based on γ-coefficients) such
that the presence of Disadvantage in neighbouring areas correlate with local levels
of Violence.

9.1.3

The spatially treated residual component, λW u

Models with a spatially treated residual component include the term: u = λW u + ε;
this accommodates spatial autocorrelation in the error term (λW u) in addition to
the non-spatial stochastic component (ε). As previously discussed, this may be
due to a number of reasons including unobserved variables (omitted variable bias),
administrative structures which conform poorly to underlying social structures, or to
the inclusion of difficult-to-measure variables such as “culture” (Baller et al., 2001).
In the Sydney results for SEM, this component is noted as significant and positive, suggesting that there remain unaccounted-for spatial effects.

9.1.4

The spatially treated dependent component, ρW y

Finally, the incorporation of a spatial dependent component is used to model the
correlation between local and extra-local dependent variables.
In the case of results for Sydney, ρ is significant and positive in SDM. This might
suggest that Violence in any local area is influenced by – and/or exerts influence
upon – Violence in neighbouring areas.
1

It is not necessary to validate this finding but – for the sake of completeness – all results
included in this discussion may be observed in table 8.8.
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9.2

Informing the interpretation of spatial models

This aspect of the discussion exposes weaknesses in the “spatially naı̈ve” basis for
analysis derived by extension from non-spatial models. It presents “impact measures” and “partitioned impact measures” as the foundation for correct interpretation on a model-specific basis2 .

9.2.1

Spatial effects revisited

Estimates for many spatial regression models have been noted as incorrectly interpreted (LeSage, 2014; LeSage & Dominguez, 2012). The culprit is typically direct
interpretation of coefficients as summarised above and described as “spatially naı̈ve”.
The approach was standard practice prior to the work of LeSage and Pace (2009),
and continues as a not uncommon presence (e.g., Dewi et al., 2019; Marotta, 2017).
The account summarised here presents a sketch of the critical issues.
Figures 9.1 and 9.2 represent the motivation for spatial modelling3 .

yi

yj

Figure 9.1: Univariate spatial
autocorrelation

Xi

Xj

yi

yj

εi

εj

Figure 9.2: Non-spatial / structural
similarity

Figure 9.1 represents the presence of spatial autocorrelation in the dependent
variable, y. Rectangles indicate regions, of which there are two, i and j. Spatial
non-randomness of dependent variables represents univariate spatial autocorrelation
(by definition) and is indicated by a solid bidirectional arrow (yi ↔ yj ).
Figure 9.2 represents non-spatial interactions between model components – as
modelled by OLS. Unidirectional arrows indicate that independent variables influence the dependent variable (e.g., Xi → yi ) and that which remains unexplained is
accommodated by the residuals (e.g., εi → yi ). Independent variables and residuals are placed outside of (and adjacent to) their respective regions as a matter of
notational convenience.
Using the representation in figure 9.2, three scenarios of interest are proposed.
The first is that no spatial autocorrelation is observed; that is, the situation in figure 9.1 does not apply. As such, the model described by figure 9.2 is appropriate.
2

References are occasionally made to models in the extended suite. For reference, see section 8.4, specifically table 8.7 on page 166.
3
Such diagrams are adapted from Baller et al. (2001). For readers familiar with that work,
note that subtle differences exist in their usage and presentation here.
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This is the non-spatial scenario in which: (i) spatial randomness exists in the dependent variables; (ii) only local relationships exist between dependent and independent
variables; and (iii) no spatial autocorrelation exists in the residuals. In such cases,
an OLS model suffices.
The second proposed scenario differs from the first in that spatial non-randomness
exists in the dependent variable (that is, figure 9.1 now applies) and yet the nonspatial model represented by figure 9.2 is still appropriate. This is sometimes referred to as “structural similarity”. It occurs where the dependent variable is fully
explained by structural variables, X, which render the association between dependent variables, y, insignificant (Baller et al., 2001). As a result, no residual spatial autocorrelation exists. Consider the possibility that disadvantage accounts for
spatially autocorrelated incidences of crime within an environment of strong racial
segregation. A model which incorporates spatial treatment of disadvantage may
explain the spatial non-randomness of crime. However, if segregation also involves
discriminatory practices then a measure of segregation alone may account for the
spatial distribution of disadvantage – and, thereby, crime. In such a case, “structural
similarity” applies since no spatial treatment is required to explain observations of
spatial effects4 .
The third scenario is that spatial autocorrelation exists (figure 9.1 applies) but
cannot be explained by conditions of “structural similarity”. In this case, the nonspatial model represented in figure 9.2 fails to address spatial non-randomness in
the data and the result is spatial autocorrelation in the residuals.
Having observed spatial autocorrelation in the residuals, the incorporation of a
spatially treated residual component in the model is one possible response. Figure 9.3 represents this schematically5 .
Xi

Xj
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yj

εi

εj

Figure 9.3: Spatially treated residual component (λW u) in SEM
(Orange indicates spatial effects)
4

This is of passing interest to work presented in chapter 11. An earlier iteration of that research
– following the approach of Anselin (1988b) as outlined in subsection 7.2.3 (page 145) – favoured
OLS over spatial alternatives SEM and SAR. This changed with the expansion of the test suite as
part of the Elhorst (2010a) selection process. However, the possibility that “structural similarity”
explains spatial non-randomness is still acknowledged – specifically, by step 1(d) of the model
selection process (page 148), which allows for the selection of OLS as the preferred model.
5
Spatial effects are indicated in these model schematics by arrows that cross areal boundaries.
However, they are also coloured for convenience. This is not applied to figure 9.1 as it represents
a description of data rather than a model.
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Accounting for unexplained spatial autocorrelation in the residuals by including
the spatially treated error term is appropriate when spatial relationships cannot directly be incorporated. Examples include unobserved (and unobservable) data, constraints on variable choice (data unavailability, explanatory modelling constraints,
etc.) and aggregate data that are unrepresentative of spatial relationships in underlying social structures. Where this is the sole spatial component in the model – as
in figure 9.3 – the Spatial Error Model (SEM) is described. However, some or all of
the residual spatial autocorrelation may be more explicitly explained by modelling
spatial complexity in the dependent and independent variables.
Figure 9.4 adds a spatially treated independent component to the non-spatial
model, as occurs in the Spatially Lagged-X (SLX) model. This results in regression
output which includes γ-coefficients.
Xi

Xj
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yj
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εj

Figure 9.4: Spatially treated independent component (W Xγ)
(Orange indicates spatial effects)
So far, this discussion represents a review of spatial models based on the inclusion of spatial error (λW u) and spatial independent (W Xγ) components. However,
it is the presence of the spatial dependent component (ρW y) that shifts the discussion from one of review to one which has ramifications for the interpretation
of β- and γ-coefficients. A spatially treated dependent component is included in
figure 9.5,representing the SAR model.
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Figure 9.5: Spatially treated dependent component (ρW y) in SAR
(Orange indicates spatial effects)
The incorporation of ρW y represents a turning point in the discussion, since
any model which includes this term cannot be interpreted by a reading of model
coefficients (Bivand, 2014).
The bidirectional arrow in figure 9.5 represents one aspect of the problem schemat-
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ically. The issue is referred to as the “simultaneity” (or “symmetry”) problem6 .
Symmetry refers to mutual interaction between variables with concurrent effect.
Thus, an attribute in area i affects that same attribute in area j (yi → yj ) simultaneous with the attribute in area j affecting the attribute in area i (yj → yi ). This
contradicts an intuitive perception of such events as occurring sequentially – as they
would in the case of diffusion, for example. By extension, these individual relationships between neighbours include feedback loops, arising since a focal area is also a
neighbour to its neighbour (e.g., yi → yj → yi → · · · for i 6= j). Again, feedback
occurs simultaneously rather than sequentially. This poses a dilemma which is not
only conceptual but operational. The solution to this issue is the incorporation of
“impact measures”, introduced shortly.
An additional complication is that the mutual influence between neighbouring
dependent variables, indicated by yi ↔ yj , implies influence on the local area by
neighbouring independent variables. It does so despite the absence of an explicit
spatially treated independent component (W Xγ) in models such as SAR. This influence is indicated by dashed arrows in figure 9.6.
Xi

Xj
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yj

εi

εj

Figure 9.6: Direct and indirect effects in SAR
(Orange indicates spatial effects: solid = direct; dashed = indirect)
While figure 9.5 fully represents components of the regression equation for SAR
(equation 7.2), the inclusion of dashed arrows in figure 9.6 emphasises the need to
account for spatial effects in the independent variable. From the perspective of local area i, the local dependent variable, yi is influenced by the local independent
variable, Xi . By inclusion of a spatially treated dependent component, ρW y, it is
also affected by neighbour, yj . However, that is influenced by its local independent
variable, Xj . As a result, the local dependent variable, yi , is influenced by: (i) the
local independent variable, Xi → yi ; (ii) extra-local dependent variables, yj → yi ;
(iii) extra-local independent variables via their influence on associated dependent
variables, Xj → yj → yi ; and (iv) extensions of the above due to feedback mechanisms – all of which occur simultaneously. As a result of the capacity for changes in
dependent variables to propagate throughout the system, the presence of the spatially treated dependent component, ρW y, frustrates attempts to apply regression
coefficients to model interpretation and nett effects fail to be revealed.
6

In econometrics it is also known as the “endogeneity” problem. Since the thesis makes no
demands on familiarity with the econometric literature, more generic terminology is preferred
throughout.
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In response, “impact measures” are applied to interpretation – following the work
of LeSage and Pace (2009). In place of β- and, where appropriate, γ-coefficients, the
influence of independent variables on the dependent variable is expressed in terms
of mean direct, indirect and total (combined) impacts7 .

9.2.2

Impact measures

Impact measures express direct, indirect and total (combined) effects as mean values,
calculated as the average over all spatial units.
These are described in terms of the effect of a specific independent variable, k,
within area i – designated as Xik . For example, Xk might represent Disadvantage.
Mean direct impacts for Xk represent the effects of independent variable Xik on
the dependent variable within the same area (i.e., yi ) – averaged over all areas.
Mean total impacts represent the effects of independent variable Xik on y in all
areas jointly – averaged over areas where such influence is permitted. Mean indirect
impacts are determined as total impacts minus direct impacts. Accordingly, they
represent the effects of independent variable Xik on the dependent variable in all
extra-local areas – averaged over areas where such influence is permitted.
That is, direct impacts address effects which originate in the local area whereas
indirect impacts concern those which originate in extra-local areas. The complexities
added by inclusion of the spatially treated dependent component, ρW y, need restating in this context. Since a local independent variable’s effect may be extended to
extra-local areas through spatial influence of the dependent variable, and since this
may feed back to the originating area, this constitutes a direct impact (Rüttenauer,
2019). This reinforces the failure of β-coefficients to capture the nett effect8 .
The OLS model exemplifies a situation in which observations are spatially independent and, therefore, changes in Xi are constrained to local-only (direct) effects
on yi (as indicated in figure 9.2). Under these conditions a scalar may be used to
represent βk , where the subscript k indicates a specific independent variable9 . With
no indirect effects, this situation (which also applies to SEM) is indicated in the
first row of table 9.1. In other words, interpretation based on β-coefficients is still
indicated for these models.
Models which extend OLS by the inclusion of the spatially treated independent
component (W Xγ) – but which do not include the spatially treated dependent
component (ρW y) – permit an extension to non-spatial interpretation whereby β-

7

Indirect effects are often also referred to as “spillover” effects. That terminology is avoided
on the basis that “spillover” is occasionally applied in a more generic sense to refer to any change
which exerts influence on other areas; following LeSage and Pace (2009) “indirect” is used instead.
8
It therefore leads to the expectation that βk < Directk < Totalk .
9
This reference to a scalar refers specifically to the k th element in a 1 × K vector, as described
in figure 7.1.
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Table 9.1: Direct and indirect effects (from Elhorst & Vega, 2013, p.25)

Table 9.1 has been removed from this version of the Thesis.

coefficients determine direct effects and γ-coefficients determine indirect effects10 .
This is observed for SLX and SDEM in table 9.1. However, this simple correspondence with non-spatial interpretation dissolves in models which incorporate the
spatial dependent component, ρW y, rendering such practices “spatially naı̈ve” in
that context. These models have the capacity to propagate changes throughout
neighbourhoods, as discussed above. This requires that scalars be replaced by n × n
matrices. As indicated for SAR, SAC, SDM and GNS in table 9.1, these matrices provide access to direct impacts in diagonal elements and indirect impacts in
off-diagonal elements11 .

10

The equation of indirect effects for independent variable Xk with coefficient γk is due to a
simplification based on typical practice in econometrics of using row-standardised spatial weights
for W (Golgher & Voss, 2016).
11
LeSage and Dominguez (2012), LeSage (2014) and Golgher and Voss (2016) are recommended
for further explorations of the issues raised. While an understanding of the derivation of matrices presented in table 9.1 is not required, an outline is provided for interest and completeness.
Paraphrasing Elhorst and Vega (2013), the process is as follows. Equations are rewritten in their
reduced form and partial derivatives are taken of the expectation of y with respect to the k th
variable of X (i.e., Xk ) for all n units.
Thus, for SAR the equation y = ρW y + Xβ + ε is rewritten in its reduced form as y =
−1
−1
(I − ρW ) Xβ + (I − ρW ) ε, where I is the identity matrix. Taking partial derivatives with
respect
to the expectation
h
i of y for all n units leads to:
∂
∂
−1
βk .
∂X1k E(y) · · · ∂Xnk E(y) = (I − ρW )
Error terms are eliminated from the taking of expectations. Expanding the result gives (I −
ρW )−1 βk = I + ρW + ρ2 W 2 + ρ3 W 3 + · · · which provides access to partitioned effects where
diagonal elements explain direct effects and off-diagonal elements explain indirect effects. Thus,
the first term, I, has off-diagonal elements which are zero by definition; it therefore represents a
direct effect. For the second term, ρW , diagonal elements are zero by assumption; it therefore
represents an indirect effect. Other terms represent higher-order effects. The process generates k
matrices of size n × n (corresponding to dimensions of W ) and, following LeSage and Pace (2009),
reporting therefore uses mean values of direct and indirect impacts.
The process for SDM is similar and a shortened account follows.
The reduced form for SDM is given by y = (I − ρW )−1 (Xβ + W Xγ) + (I − ρW )−1 ε and partial
derivatives of E[y] with respect to Xk give (I − ρW )−1 [Iβk + W γk ].
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9.2.3

Global vs. local influence

An additional implication of the effects presented in table 9.1 relates to the extent of
influence – global or local (Anselin, 2003). The identification of such has significant
bearing on the interpretation of models (LeSage, 2014).
Global effects occur when a change in an area potentially propagates throughout the entire study region. This occurs when ρ 6= 0 and may include feedback
mechanisms as described for models incorporating the spatially treated dependent
component, ρW y. Thus, a change occurring in one area may initiate adjustments
in (potentially) all other areas, resulting in a new steady-state equilibrium.
Local effects are confined to the neighbourhood defined for the focal area. This
is associated with the condition that ρ = 0. Feedback does not occur in local effects
(LeSage, 2014).

9.2.4

Flexibility

The concept of “flexibility” is based on observations of the ratio of indirect and
direct effects12 .
In the case of SAR and SAC, the ratio of indirect and direct effects from a specific
variable, Xk , is independent of βk . This is indicated in table 9.1. It can be seen that
βk -coefficients for both direct and indirect variables are multiplied by the matrix
(I − ρW )−1 . As a result, when a ratio of direct and indirect effects is taken, the βk
terms cancel out. The result is a ratio with a constant value across all independent
variables, the magnitude of which is only determined by ρ and W .
Another outcome for “flexibility” is indicated for OLS and SEM which – by
design – indicate “0” for this ratio (since no indirect effects exist).
The remaining outcome can be described as “fully flexible” and occurs in models which include the spatially treated independent component, W Xγ. In SLX and
SDEM the non-constant outcome of the ratio is obvious. This holds for SDM and
GNS, although the reason may be less immediately apparent. For specific variables,
Xk , the βk -coefficient estimates are augmented with their spatial counterparts, γk coefficients (table 9.1). That is, βk is replaced by (βk + W γk ). The result is that
the inclusion of γk -coefficients allows the ratio of direct-to-indirect effects to vary
between different independent variables. Depending on circumstance, this increased
flexibility may hold an empirical appeal that favours such models over others (Elhorst, 2010a).

9.2.5

Partitioned impact measures

The final interpretative tool involves the disaggregation of direct, indirect and total
impacts into a specified number of neighbourhood traversals. In the case of models
12

The discussion is largely informed by Elhorst (2010a, 2014) and Golgher and Voss (2016).
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involving global extent, spatial interactions occur between immediate neighbours
(order-1), neighbours of immediate neighbours (order-2), and so on. In order to
examine the spatial patterns of influence over multiple degrees of neighbourhood
order, “partitioned” impact measures are used. These potentially provide insight
into spatial complexity that is not otherwise apparent. Partitioned impact tables
represent traversals for a range of “orders of neighbourhood” as “Wn ”, where the
subscript, n, indicates neighbourhood order. Thus, “W0 ” indicates zero-order neighbourhood traversals, or local influences only; “W1 ” indicates immediate neighbours;
“W2 ” indicates a total of two extra-local influences between neighbours (i.e., neighbours of neighbours); and so on13 . This is complicated further by the possibility of
feedback, where the count of traversals may include circularity.
The concept is demonstrated using a simplified example of a community of three
regions (“A”, “B” and “C”) which are assumed to be neighbours. Each of the
following diagrams expresses outcomes according to the perspective of the region
“A”.
Figures 9.7 and 9.8 support a discussion of partitioned direct impacts. For order0 influence on region “A” only one possibility exists, since order-0 effects originate
locally and affect only the local area (left in figure 9.7). A loop is used to denote
an influence that arises locally and makes zero transitions through other areas.
An order-1 neighbourhood impact indicates that the effect traverses one link in the
neighbourhood topology. Therefore, an order-1 effect must originate in an immediate
neighbour. Since this does not conform to expectations, it might be anticipated that
a partitioned impact table holds entries of “0” for direct W1 impact.
W0

W0
W1

A

B

A

C

W2

B

C

Figure 9.7: Direct impacts: W0 (left) and W2 (right)
One of two possible order-2 direct effects for region “A” is represented in the
right of figure 9.7. A local effect (indicated by W0 ), influences region “B” (indicated
by W1 ) which then influences region “A” (W2 ) – that is, a feedback effect occurs
(A → B → A). A direct order-2 neighbourhood transition is the simplest feedback
Continuing from footnote 11 (page 181), the expansion of (I − ρW )−1 to an infinite series,
I + ρW + ρ2 W 2 + ρ3 W 3 + · · · , reveals the basis for partitioning whereby the nth order of W –
represented in the series expansion by W n – determines results for order-n neighbours. Thus,
I represents order-0 neighbourhood (no neighbours, local influence only); ρW represents order1 neighbourhood (immediate neighbours); ρ2 W 2 , order-2 neighbours (neighbours of immediate
neighbours, including feedback to the local area); and so on. Direct and indirect effects are then
determined as previously described, using diagonal and off-diagonal elements, respectively.
13
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mechanism. Region “A” might also simultaneously experience an order-2 feedback
involving region “C” (A → C → A). Therefore, direct effects of order-2 indicate
mean influences of feedback on the local area due to its role as a neighbour to its
neighbours.
The final example of partitioned direct effects is indicated in figure 9.8, which
shows one of two possible order-3 direct effects on “A”. Thus, attributes of region
“A” influence region “B” which influences region “C” which finally affects region
“A” (A → B → C → A). Simultaneously, “A” may be experiencing order-3 direct
impacts from A → C → B → A. It is typically expected that direct effects attenuate
rapidly with increased orders of neighbourhood.
W0
W1
A
W3

B

C

W2

Figure 9.8: Direct impact diagram representing W3
Figure 9.9 is used to support discussion of partitioned indirect impacts. Order-0
indirect effects are not possible since a neighbourhood traversal is required for an
indirect effect. That is, no influence on a local area from an extra-local source is
possible in zero traversals, and – as with W1 direct effects – it would be reasonable
to expect a table of indirect effects to contain zeros for W0 entries. The leftmost
diagram in figure 9.9 represents order-1 indirect impacts. An external influence is
exerted on area “A” within a single neighbourhood traversal. Thus, there are two
possibilities for order-1 indirect effects in the three-neighbour example (indicated as
“W1 ” in two shades), either one or both of which may occur.
W1
A

W2
B

W1

C

A

W1

B

W2

C

W1

Figure 9.9: Indirect impacts: W1 (left) and W2 (right)
The right-most diagram in figure 9.9 represents the two possible scenarios by
which an order-2 indirect effect (W2 ) may occur in a three-area example. Either the
source influence on “A” is “B” (thus, B → C → A) or the source is “C” (in which
case, C → B → A).
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This account conveys three ideas: (i) the appreciation of spatial richness in
models with global extent is enhanced by use of partitioned impact tables; (ii)
the meaning of neighbourhood order for direct and indirect impacts; and (iii) expectations exist that order-1 direct impact measures and order-0 indirect impact
measures should record zero influence (Autant-Bernard & LeSage, 2011; LeSage &
Pace, 2009)14 .

9.2.6

Summary of implications for interpreting SDM

The prior discussion enables an assessment of important properties of the Spatial
Durbin Model (SDM) – not only as the selected model for both studies, but also
relative to other models in the extended model suite. This assists in model interpretation, but also offers an informed basis on which to directly select models on
theoretical grounds.
The inclusion of the spatial dependent component in SDM, where ρ 6= 0, means
that changes in local independent variables, Xk , not only influence the local dependent variable (a direct effect) but also influence extra-local dependent variables (an
indirect effect)15 . As a result, coefficient estimates do not capture the nett effect of
changes in independent variables and impact measures are used in their place. Such
effects have global extent. This involves influence which extend to (or, conversely,
from) areas which exceed the reach of defined neighbourhood sets to propagate
throughout the study area.
For SDM, a separate indirect effect arises from inclusion of the spatially treated
independent component (since γ 6= 0) which exhibits local indirect effects impacting
only defined neighbours. These indirect effects – along with direct effects – are
summarised in figure 9.10. Dashed arrows indicate global indirect effects which
occur via spatial relationships between dependent variables16 . Local indirect effects
are indicated as solid arrows17 .
Partitioned impact tables are also of interest as a means of exploring spatial
complexity across multiple orders of neighbourhood. Five orders of neighbourhood
are used in the interpretation to follow, from W0 to W4 , inclusive. Foreshadowing
results for both Sydney and Chicago, anticipated “zero-entry” slots in these tables
do not conform to expectations discussed in subsection 9.2.5 above. That is, indirect impacts for local areas (W0 ) and direct impacts for immediate neighbours of
14

The last of these will be revisited when apparently logical expectations of zero-entry slots in
partitioned impact tables are revealed to not necessarily hold in the case of SDM.
15
The directionality stated for the indirect effect may be reversed for purposes of interpretation
– as was done in prior discussion. Thus, it may be variously referred to as the mean impact of
local independent variables on extra local dependent variables, or as the mean effect of extra-local
independent variables on local ones.
16
For example, since Xi → yi and since ρ 6= 0 allows that yi → yj , then it follows that
ji → yi → yj .
17
For example, γ 6= 0 allows that Xi → yj .
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Xi

Xj

yi

yj

εi

εj

Figure 9.10: Spatial Durbin Model
(Orange indicates spatial effects: solid = direct; dashed = indirect)
neighbours (W1 ) do not contain zeros; this contradicts intuition founded on prior
discussion as well as statements made in the literature (e.g., LeSage & Pace, 2009).
However, Spatial Durbin models do not necessarily satisfy such expectations when
exhibiting significant spatially treated independent covariates (Jensen & Lacombe,
2012). Interpretation is accordingly difficult and suggests complex spatial relationships. For example, non-zero indirect impacts indicated for order-0 neighbours (W0 )
have been attributed to rich interactions which represent all indirect effects from
order-1 (W1 ) onwards (Ingram, 2014).
Table 9.2 presents a summary of additional properties of all models in the extended model suite.
Table 9.2: Model properties
Model

Influence

OLS
SAR
SLX
SEM
SDM
SAC
SDEM
GNS

none
global
local
local
global + local
global
local
global + local

No. Spatial
Variables

Flexibility

0
1
K
1
K +1
2
K +1
K +2

zero
constant
flexible
zero
flexible
constant
flexible
flexible

Note that SDM includes K + 1 spatial variables – K from all spatially lagged
(γk ) covariates and 1 from the spatially treated dependent component, ρW y – and
is fully flexible which affords the model greater freedom in the relationship between
different independent variables. Flexible models have another feature which may
be an empirical attraction over models such as SAR. While for SAR the sign of
both direct and indirect impacts for covariate Xk is determined by the equivalent
βk -coefficients, in the case of flexible alternatives such as SDM more complex interactions may be accounted for – such as where variable Xk has opposite signs for
direct and indirect effects (LeSage, 2014).
Finally, mention needs to be made of the means of determining impact measures
and partitioned impact measures. The complexities of deriving steady-state equi186
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librium and significance values under conditions of feedback, attenuating influences
of propagating effects and simultaneity with large matrices prove prohibitive to analytical determination. Instead, the adoption of many spatial models is contingent
upon the use of computational methods. Elhorst (2010a) cites three approaches:
(i) Maximum Likelihood (ML); (ii) Markov Chain Monte Carlo (MCMC); and (iii)
Instrumental Variable/Generalised Method of Moments (IV/GMM) methods. The
approach adopted here is MCMC simulation – extensively covered in LeSage and
Pace (2009) – using 2,000 iterations18 . MCMC methods overcome the analytical difficulties by deriving a probabilistic approximation of distributions based on random
sampling.

9.3

Model interpretation for Sydney

The interpretation of results for the Spatial Durbin model (SDM) begins with acknowledgement that there is evidence of spatial autocorrelation in the residuals.
Contradicting results of no residual spatial autocorrelation by a Moran’s I test
(table 8.6) the LM test (LMSDM = 5.8438, p = 0.0156) and mapped residuals (topright, figure 8.2) suggest otherwise. Since alternative models from the extended suite
do not stand up to close inspection (subsection 8.4.2) this diagnostic is flagged for
commentary rather than as indicating a need for adjustments to the model. Likely
contenders are restated as follows:
 Omitted variable bias in which influential covariates have been excluded –

causing “clustering in the unobservables” (Cook et al., 2015);
 The presence of difficult-to-measure latent variables, such as “culture” (Baller

et al., 2001), including some which are of relevance to the resurgence of interest in SDT such as “social cohesion” and “collective efficacy” (e.g., Maxwell
et al., 2011; Sampson et al., 1997); and
 An areal mismatch between spatial units of analysis and underlying social

processes (de Graaff et al., 2001).
In response to the first suggestion – of omitted variables – the possibility that addi18

As alternatives exist, note that in R this requires an approach (using the spatialreg
library) similar to the following skeletal example. For impact models:

trMC <- trW(as(W, "CsparseMatrix"), type="MC")
imp <- impacts(model.sdm, tr=trMC, R=2000)
summary(imp, zstats=T)
For partitioned impact models, the approach is similar:

trMC <- trW(as(W, "CsparseMatrix"), type="MC")
imp <- impacts(model.sdm, tr=trMC, Q=5, R=2000)
summary(imp, zstats=T, reportQ=T, short=T)
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tional variables explain the autocorrelation is very real but is not pursued given the
defining parameters of the research and adoption of an explanatory framework. The
second suggestion is also possible, despite the exclusion of concepts such as “collective efficacy” from the research motivations19 . It is possible that one or more of the
five independent variables do not represent the underlying concept well. However,
these possibilities are contextualised by comparison with similar approaches used for
Chicago, which do not indicate spatial autocorrelation in the residuals. The third
possible cause relates to potential lack of clear correlation between administrative
units and social networks. The decision to use postal areas (POAs) in Sydney is
driven by data availability. To this end, it is worth noting that there are differences
in scale between POAs in Sydney and CTs in Chicago. In Sydney the mean polygon
area is 18.9 km2 (with a range of 1.1 to 140.7 km2 ), whereas in Chicago the mean
is 0.7 km2 (with range 0.008 to 21.6 km2 ) – zero-population areas excluded. While
such differences are not of themselves sufficient to support the suggestion that mapping of areal units to social networks is misaligned, it does support the question.
That question remains unanswered for the remainder of this discussion.
Observations of the dependent variable, Violence, indicate highly significant
global Moran’s I of 0.52 (table 6.1) and local patterns of univariate spatial autocorrelation are indicated by LISA plots (figure 6.6, bottom-right). As a result, it
is not unexpected that spatial autocorrelation in the residuals for OLS (table 8.6)
are significant, the possibility of “structural similarity” notwithstanding. Neither
is it unexpected that spatial interactions in the dependent variable contribute to
modelling these observations, nor – given similar evidence of global and local spatial
autocorrelation in the independent variables – that these also contribute to explaining spatial patterns in the dependent variable. Both of these are accommodated in
the selected (Spatial Durbin) model.
The presence of a highly significant, positive coefficient for ρ in the coefficients
presented in table 9.3 reflects the positive correlation between Violence in regions
defined as neighbours. It is also a reminder of a number of critical properties of
the model, most immediately that coefficient estimates do not convey a sense of
nett effects and that attention should be diverted to impact models as a basis for
19

This note is an in-context restatement of discussion presented in chapter 2. Informally, “collective efficacy” refers to the presence of a unifying commitment to the local community which
provides a foundation for cohesive action in framing and managing social issues. It is typically
presented in terms of a mediating concept which may counter risks associated with criminogenic
factors such as disadvantage, population mobility, etc. The current research is spatially extensive
and uses macro-sociological data of the type available from census (and related) sources. Although
some extremely valuable data for concepts such as “collective efficacy” exist for areas of Chicago
in the work of the Project on Human Development in Chicago Neighborhoods (Earls et al., 2015)
the collection of additional survey-instrument data at the scale of the two case studies is not feasible. This research therefore adopts a different focus by design. As such, the involvement of
concepts such as “collective efficacy” is not dismissed theoretically nor do the research outcomes
discount their potential influence as mediating factors. However, the results also ultimately present
ramifications for SDT in the absence of such concepts.
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proceeding.
Table 9.3: SDM coefficients: Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

-0.0122
-0.1843
0.2214
0.0852
0.5130
0.2702
0.4399
0.3973
-0.2746
0.1782
-0.0796
-0.2554

Std. Err.

z-value

P r(< |z|)

0.0438
0.0999
0.1189
0.0739
0.0659
0.0924
0.0830
0.1880
0.1549
0.1361
0.1335
0.1431

-0.2782
-1.8446
1.8614
1.1527
7.7862
2.9235
5.2978
2.1127
-1.7733
1.3095
-0.5964
-1.7846

0.7808
0.0651
0.0627
0.2490
 0.0001
0.0035
 0.0001
0.0346
0.0762
0.1904
0.5509
0.0743

***
*
***
—

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

9.3.1

Impact measures (Sydney)

Impact measures are determined using Markov Chain Monte Carlo (MCMC) simulation with n = 2, 000, and presented in table 9.4. It is immediately evident that
impact measures indicate that an informed interpretation of SDM differs to that
which can be derived directly from model coefficients in table 9.3.
Table 9.4: Mean impact measures (SDM): Sydney (MCMC, n = 2, 000)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

-0.1464
0.2002
0.1110
0.5305
0.2539

0.0985
0.1139
0.0717
0.0647
0.0883

-1.4954
1.7197
1.5759
8.2313
2.8807

0.1348
0.0854
0.1150
 0.0001
0.0040

Indirect

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.5268
-0.2952
0.3592
0.2432
-0.2274

0.3035
0.2135
0.2181
0.1947
0.2161

1.7613
-1.4046
1.6515
1.2493
-1.0469

0.0782
0.1601
0.0986
0.2116
0.2952

Total

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.3804
-0.0950
0.4702
0.7737
0.0265

0.3230
0.2064
0.2340
0.2037
0.2279

1.1989
-0.5036
2.0229
3.8101
0.1239

0.2306
0.6146
0.0431
0.0001
0.9014

***
**

—
**

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Turning first to mean total impacts, significant positive effects are recorded for
Mobility and Disruption – with the latter demonstrating strongest effects. The variable Disruption is also highly significant as a direct impact, along with Urbanisation.
Significance is not indicated for any indirect impacts; again, this is contrary to observations of γ-coefficients in table 9.3, which might otherwise suggest significant
extra-local effects from Disadvantage.
Since direct impacts account for local influences on the local area, a degree of
correspondence between these and non-spatial components (Xβ) in the coefficient
estimates (table 9.3) might be expected. Signs are expected to be identical – which is
the case – and magnitude is typically similar – which is also observed. For example,
for Disruption there is a difference of only 0.0175 (0.5305 − 0.5130), or 3.30%. This
difference identifies the presence of small feedback effects where local impacts affect
neighbours which then affect the local area through further neighbourhood traversals
and feedback effects.
While impact measures provide a first glimpse of spatial complexity in the SDM
model for Sydney, table 9.3 also raises some questions, including: (i) “Why does
Mobility appear as a significant total impact with no significant effect from direct
or indirect impacts?” (ii) Conversely, “Why does Urbanisation exhibit a significant
direct impact but no significant total impact?” and (iii) “Is the suggestion of no
significant indirect effects reasonable?” These specific questions prompt the use of
partitioned impact measures, in addition to broader benefits of partitioning – such
a being able to assess the effects of direct neighbours on local areas, etc.

9.3.2

Partitioned impact measures (Sydney)

Table 9.5 presents partitioned impact measures for the Sydney study20 .
Partitioning impact measures by neighbourhood order provides a view of spatial
relationships based on the number of neighbourhood traversals from (or, alternatively, to) the local area. This is necessary for a detailed appreciation of underlying
complexity arising from feedback processes. These are considered on a per-covariate
basis.
Again, Disruption demonstrates the highest magnitude of any covariates, most
notably for direct effects on Violence, ceteris paribus, in the local area (W0 ) where it
is positive and highly significant. The strength of this effect in the local area is to be
expected given small differences between (non-partitioned) direct impact measures
and SDM β-coefficients. The magnitude of direct impacts attenuate dramatically
with increased neighbourhood order, as typically occurs. For Disruption, small
but significant positive feedback is observed at W2 , corresponding to a short-range
feedback effect in which local effects of Disruption on Violence are associated with
20

For reasons of space, this only presents impact measures and significance categories. Further
details of partitioned impact measures (providing z- and p-values) are presented in appendix O.
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Table 9.5: Partitioned mean impact measures (SDM): Sydney (MCMC,
n = 2, 000)

Effect

Variable

W0

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

-0.1843
0.2214
0.0852
0.5130
0.2703

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.3973
-0.2746
0.1782
-0.0796
-0.2554

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.2131
-0.0532
0.2634
0.4333
0.0148

Indirect

Total

Orders of neighbourhood (0-4)
W1
W2
W3

***
*
—

—
**

0.0382
-0.0264
0.0171
-0.0077
-0.0246

-0.0034
0.0063
0.0056
0.0208
0.0086

0.0555
0.0030
0.0987
0.1983
0.0311

0.0446
-0.0166
0.0454
0.0639
-0.0572

0.0937
-0.0234
0.1159
0.1906
0.0065

—
***

—
**

0.0412
-0.0103
0.0510
0.0839
0.0029

*

—

*

W4

0.0025
-0.0012
0.0019
0.0018
-0.0008

0.0001
0.0002
0.0007
0.0017
0.0004

0.0157
-0.0033
0.0205
0.0350
0.0210

0.0078
-0.0022
0.0092
0.0145
0.0007

0.0181
-0.0045
0.0224
0.0369
0.0013

—

—

0.0080
-0.0020
0.0099
0.0162
0.0006

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

changes in immediate neighbours which, in turn, affect levels of Violence in the
local area as part of the same “diffusion-like” process. Despite the presence of such
feedback, almost 97% (0.5130/0.5305 = 0.9670) of direct impact from Disruption
arises from immediate effects in the local area (W0 )21 . With respect to indirect
impacts, influences are significant and positive for three orders of neighbourhood
(W1 to W3 ), attenuating more gradually than in the direct case. Nevertheless,
over 81% of indirect effects (0.1983/0.2432 = 0.8154) arise due to the influences of
immediate neighbours (W1 )22 .
Along with Disruption, direct impact measures revealed Urbanisation as being
positive and significant in table 9.4. Disaggregating the direct effects into partitions
of neighbourhood-order (table 9.5) reveals a simple direct effect in which all significant influence is associated with the local area (W0 ). That is, the relationship
between Urbanisation and Violence is significant, positive and confined to the local
area with no significant feedback effects. In this sense it resembles the non-spatial
β-coefficient estimates (table 9.3). Lack of significance in total impact measures for
Urbanisation arises from contrary signs for direct and indirect impacts.
The emergence of Mobility as a significant, positive total impact in table 9.4 is
explained by its behaviour within the partitioned impact table (table 9.5). Over
76% of its total impact comes from indirect effects (0.3592/0.4702 = 0.7639)23 .
This contribution to significant total impact is particularly evident in the significant
21

The dividend is taken from column W0 in table 9.5 and the divisor from table 9.4.
The dividend is taken from column W1 in table 9.5 and the divisor from table 9.4.
23
Both dividend and divisor are taken from table 9.4 – indirect and total impacts, respectively.
22
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positive effect for indirect impact observed from immediate neighbours (W1 ).
While Disadvantage demonstrates significant γ-coefficient estimates (table 9.3),
this is not reflected in indirect impacts where such influence might expect to be observed (table 9.4). Mean direct and total impacts for Disadvantage also prove to be
insignificant. However, a significant positive indirect effect appears for partitioned
impacts (table 9.5) at W0 . Expectations of zero-entry results for direct impacts
from immediate neighbours (W1 ) and indirect impacts from local areas (W0 ) – as
described in subsection 9.2.5 – are not observed for any covariates. Subsection 9.2.6
confirms that such expectations are not necessarily met in the case of SDM. In the
case of Disadvantage, the indirect impact associated with the local area, W0 , is also
positive and significant. It does not indicate as significant outside of this context.
In accordance with prior discussion, this counter-intuitive result is interpreted as
attributable to complex spatial relationships associated with spatially lagged variables in the model. More specifically, this zero-order entry – typically reserved for
direct impacts – represents all indirect effects, that is, from neighbours of order-1
(W1 ) and onwards.
Finally, Heterogeneity mirrors prior results in the table of coefficient estimates
(table 9.3) and table of mean impacts (table 9.4) by failing to indicate significance
for any partitioned impacts (table 9.5).

9.4

Model interpretation for Chicago

Table 9.6 presents SDM coefficient estimates for Chicago, HC-corrected in response
to the presence of heteroscedasticity (table 8.5).
Table 9.6: SDM coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

0.0092
0.1276
-0.1527
0.1320
0.2145
-0.3252
0.5055
0.0453
0.1417
0.0078
0.1829
0.2926

***
*
***
***
***
***

—

***
***

Std. Err.

z-value

P r(< |z|)

0.0150
0.0304
0.0486
0.0270
0.0279
0.0348
0.0424
0.0550
0.0656
0.0465
0.0427
0.0432

0.6149
4.1927
-3.1447
4.8813
7.6921
-9.3438
11.9280
0.8232
2.1615
0.1677
4.2832
6.7730

0.5387
 0.0001
0.0017
 0.0001
 0.0001
 0.0001
 0.0001
0.4104
0.0306
0.8668
 0.0001
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Immediately evident is the dramatically increased number of variables indicating
significance compared to the Sydney example. Negative signs for β-coefficient esti192
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mates of Heterogeneity and Urbanisation are noted. Again, ρ is positive and highly
significant, and impact measures are consulted for interpretation.

9.4.1

Impact measures (Chicago)

Table 9.7 provides mean impact measures for Chicago.
Table 9.7: Mean impact measures (SDM): Chicago (MCMC, n = 2, 000)
Effect

Variable

Impact

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.1394
-0.1458
0.1401
0.2460
-0.3114

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.2102
0.1235
0.1427
0.5578
0.2454

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.3497
-0.0222
0.2828
0.8037
-0.0660

Indirect

Total

***
***
***
***
***
*
—
*
***
***
***

***
***

Std. Err.

z-value

Pr(< |z|)

0.0244
0.0321
0.0258
0.0245
0.0195

5.7270
-4.5486
5.4685
10.0505
-15.9193

 0.0001
 0.0001
 0.0001
 0.0001
 0.0001

0.0669
0.0582
0.0528
0.0767
0.0528

3.1440
2.0930
2.6934
7.2588
4.6166

0.0017
0.0363
0.0071
 0.0001
 0.0001

0.0713
0.0509
0.0501
0.0814
0.0559

4.9020
-0.4715
5.6502
9.8692
-1.1935

 0.0001
0.6372
 0.0001
 0.0001
0.2327

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Total impacts are highly significant for Disadvantage, Mobility and Disruption,
all with positive signs. Disruption again indicates the highest magnitude.
Disaggregating mean total impacts into direct and indirect components indicates
significance for all covariates. Following results for β-coefficients, Heterogeneity
and Urbanisation show negative signs for direct impacts. All indirect impacts are
positive. Contrary signs for Heterogeneity and Urbanisation (both with significant
negative direct effects and significant positive indirect effects) most likely account
for insignificant total impacts.
The strongest direct impact is for Urbanisation, which is similar in magnitude
to its β-coefficient (−0.3252 − −0.3114 = 0.0138, or 4.24% difference). However,
the mean direct impact for Disruption is uncharacteristically different from its βcoefficient (0.2460 − 0.2145 = 0.0315, or 12.80% difference). This suggests increased
feedback-related spatial complexity for direct effects of Disruption compared to the
Sydney example.
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Partitioned impact measures (Chicago)

Partitioned impact measures are presented in table 9.824 .
Table 9.8: Partitioned mean impact measures (SDM): Chicago (MCMC, n = 2, 000)

Effect
Direct

Indirect

Total

Variable

Orders of neighbourhood (0-4)
W1
W2
W3

W0

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.1276
-0.1527
0.1320
0.2145
-0.3253

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.0453
0.1417
0.0078
0.1829
0.2926

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.1729
-0.0110
0.1385
0.3974
-0.0326

***
***
***
***
***

**

***
***
***

***
***

0.0035
0.0111
0.0005
0.0143
0.0229
0.0839
-0.0166
0.0701
0.1866
-0.0394
0.0874
-0.0055
0.0707
0.2009
-0.0165

*

***
***
***

***
***
*
***

***
***

0.0057
-0.0040
0.0053
0.0111
-0.0086

***
**
***
***
***

0.0385
0.0012
0.0304
0.0904
0.0003

***

0.0442
-0.0028
0.0357
0.1016
-0.0083

***

***
***

***
***

0.0013
0.0010
0.0010
0.0032
0.0002

**

0.0210
-0.0016
0.0170
0.0481
-0.0045

**

0.0223
-0.0014
0.0181
0.0513
-0.0042

**

**
***

***
***

***
***

W4
0.0007
-0.0002
0.0006
0.0015
-0.0006

*

0.0106
-0.0005
0.0085
0.0422
-0.0016

*

0.0113
-0.0007
0.0091
0.0259
-0.0021

*

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

The first observation which emerges from the partitioned impact table is that it
represents considerably greater levels of complexity than was the case for Sydney.
All covariates have significant presence and this extends to multiple orders of neighbourhood order. The second observation is that three patterns of significant effects
exist in the table, which forms the basis for simplifying the discussion to follow.
These patterns exist for: (i) Disadvantage and Mobility; (ii) Disruption; and (iii)
Heterogeneity and Urbanisation.
For Disadvantage and Mobility direct effects are positive and significant for all
orders of neighbourhood, with the exception of immediate neighbours, W1 . Recall
that mean direct impacts for W1 would typically be expected to have zero entries, but
also that this does not necessarily hold for SDM. It does not in this case – neither
does it hold for W0 indirect impact entries. However, while non-zero the direct
impacts for Disadvantage and Mobility are insignificant at W1 . Attenuation of effects
is consistent and rapid, as expected; this observation applies to all direct impacts
in table 9.8. Similar results apply for mean indirect impacts for Disadvantage and
Mobility. That is, results are significant and positive for all observed orders of
neighbourhood, with the exception of the anticipated “zero entry” slots for the local
area (W0 ) which are again insignificant. Mean total effects for these variables are
significant and positive for all orders of neighbourhood, with consistent attenuation.
24

As with all partitioned impact tables in the thesis, details of partitioned impact measures
(providing z- and p-values) are included in appendix O.
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In the case of Disruption, results are observed to be significant and positive for
all measures and for all orders of neighbourhood. This includes direct effects for immediate neighbours (W1 ) and indirect effects for the local area (W0 ), both of which
represent additional levels of spatial complexity that are not clarified by partitioning of impact measures by neighbourhood order. With few exceptions Disruption
is noted as being the strongest influence in each position in the table. With respect to direct impacts, over 87% is associated with immediate local effect from W0
(0.2145/0.2460 = 0.8719). On the other hand, indirect impacts are more spatially
complex with slower rates of dampening over increased neighbourhood order and less
than 34% accounted for by immediate neighbours at W1 (0.1866/0.5578 = 0.3345).
Finally, Heterogeneity and Urbanisation are the only covariates to exhibit negative signs. In such cases it is suggested that an inverse relationship exists between
the covariate and Violence, ceteris paribus. For mean direct impacts, signs alternate
with increasing neighbourhood order. For indirect impacts of orders W0 to W3 , signs
are reversed, which accounts for lack of significance in mean total impacts for all
orders of neighbourhood. Returning to indirect impacts, both are significant and
positive for the local area, W0 . Again, with intuition expecting these to be zero
entries in the table, significance indicates complex cumulative indirect effects from
immediate neighbours onwards, with overall positive correlation to Violence25 .

9.5

Summary

The interpretation of spatial models based upon an extrapolation from non-spatial
regression is described as “spatially naı̈ve”. The work of LeSage and Pace (2009) is
presented as a point of demarcation for this practice. Specifically, the presence of
the spatially treated dependent component (ρW y) in the model – as occurs in the
Spatial Durbin Model – indicates that analysis of β- and γ-coefficients may fail to
indicate nett effects in the model. In their place, simulation methods are used to
produce impact measures – and their partitioned variants – to quantify the effects of
independent variables on the dependent variable. These total impacts are disaggregated into those which are direct (local) and indirect (extra-local). The implications
of this are extensive and are presented as a precursor to the interpretation of the
selected models for each case study.
In the Sydney case, the spatially treated dependent variable is highly significant
and positive. This indicates positive spatial autocorrelation in neighbouring postal
areas – a result not unexpected from Moran’s I results reported in chapter 6. It also
reinforces the need to redirect interpretation of the effects of independent variables
in the model away from β- and γ-coefficients and towards impact measures. Most
notably, these indicate strong positive effects of Disruption on Violence. This is
25

The only difference in patterns of significance for Heterogeneity and Urbanisation in table 9.8
is that the latter is significant for indirect effects at W1 .
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particularly evident in direct impacts but also exhibits some spatial complexity
evident in indirect impacts where it is significant and positive for orders W1 to W3 .
“Mobility” also demonstrates significant positive relationships to Violence, mostly
via indirect effects from immediate neighbours. Of the remaining three independent
variables, Urbanisation indicates significant positive direct impacts on Violence,
Disadvantage indicates significant positive indirect effects which are complex and
difficult to describe, while Heterogeneity exhibits no significant effects on Violence
whatsoever.
Results for Chicago are considerably more complex than for Sydney, with all independent variables exerting some significant effect on Violence – including negative
direct effects by Heterogeneity and Urbanisation. The spatially treated dependent
variable is again highly significant and positive. Spatial richness in the independent
variables is best summarised through partitioned impact measures. Insignificant
total impacts for Heterogeneity and Urbanisation are explained by contrary alternating signs in direct and indirect impacts. Almost all variables exhibit significant
effects over all orders of neighbourhood included in the analysis; Heterogeneity is the
consistent exception and Urbanisation only indicates significance for multiple orders
of neighbourhood in direct impacts. Other independent variables – Disadvantage,
Disruption and Mobility – are consistently significant and positive for direct, indirect and total impacts over all orders of neighbourhood, with Disruption typically
exerting the strongest effect.
Following an exploration of modelling alternatives in the following part of the
thesis, these results are reconsidered in terms of their ramifications for theory in
chapter 12.

196

Part IV: Confounding effects

197

Previous chapters have led to the adoption of spatial models regressing Violence
on five structural variables representing Social Disorganisation Theory (SDT) for
Sydney and Chicago. In both case studies the selected model has been the Spatial
Durbin Model (SDM). The interpretation of these models has revealed considerable
spatial complexity with implications for theory that will be explored in chapter 12.
However, this Part of the thesis presents two chapters that defer that discussion
in order to explore alternative models, one per case study. Each is motivated by
specific observations in the modelling outcomes and framed by theoretical positions
that depart from SDT in order to explore what appear to be the presence of confounding influences on results presented to this point26 .

 Chapter 10 explores the hypothesis that one of the structural variables in

the Sydney case study – Disruption – mediates the remaining four structural
variables and Violence; and
 Chapter 11 examines the effects of historical patterns of segregation in the

Chicago case study, introducing a new variable to establish “spatial regimes”
as the basis for exploring the effects of segregation and model its influence.

26

This “departure” from SDT is nevertheless motivated by prior explorations of it and will
ultimately be discussed in reference to it. As such, this represents a continuance of exploratory
and explanatory strategies described as characterising the research (see chapters 1 and 9).
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10
Sydney: Disruption as a mediating variable

In this chapter the Sydney case study is reconsidered with respect to the role of
Disruption. The discussion opens with a review of arguments that prompt a departure from results presented in chapter 9. This leads to consideration of Disruption
as a mediating variable – a situation which is described conceptually and methodologically. The hypothesis is tested and a new model proposed that incorporates a
mediating role for Disruption.

10.1

Motivating issues

Two sources suggest the need for further exploration of the role of Disruption in the
modelling results for the Sydney. The first is embedded in results derived from the
research; the second is located in the literature.

10.1.1

Model results

Results presented in chapter 9 reveal a level of spatial complexity that ultimately
involves all covariates with the exception of Heterogeneity. However, the influence
of Disruption is unique. It is the only variable to exhibit significance spanning
the entire model suite, albeit only in the non-spatial (Xβ) terms (table 8.8); this
includes additional models forming the extended model suite – SAC, SDEM and
GNS. In mean impact measures, Disruption has a total and direct mean impact
that dominates other covariates (table 9.4) and partitioned mean impacts reveal it
to be the only variable with complex influences over multiple orders of neighbourhood (table 9.5). These results suggest that theoretical interpretation and further
exploratory research might be guided by a potentially unique role for Disruption.
Another potential incentive for further exploration lies in the presence of spatial
autocorrelation in the residuals. Chapter 8 makes a case that responding to unfavourable diagnostics by optimising the model is discouraged by the explanatory
context. As such, covariate addition or subtraction is precluded. Instead, the work
described in this chapter adopts a different approach, responding to the dominant
199
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presence of Disruption and evidence of residual spatial autocorrelation by further
exploring the relationship between variables. Accounts from the literature provide
direction to such exploration.

10.1.2

The “Weatherburn-Lind hypothesis”

The “Weatherburn-Lind hypothesis” is used here to refer to a paper produced
by Weatherburn and Lind (2006) titled, “What mediates the macro-level effects
of economic and social stress on crime? ” The paper reports on research into
neighbourhood-level effects of poverty, ethnic heterogeneity and mobility on juvenile
crime in Sydney and proposes that these are affected by levels of child neglect. That
is, “child neglect” is said to mediate the effects of structural variables on crime, a
concept that is explained further below (section 12.5). Particularly relevant to the
current research is that the Weatherburn and Lind contribution is framed as a response to Social Disorganisation Theory’s claims that structural variables (such as
poverty, heterogeneity and mobility in its classical formulation) affect levels of crime
and deviancy – either directly or via some mediating process such as social control
processes. The Weatherburn-Lind hypothesis does not contest a positive association
between SDT’s structural variables and crime, but proposes an alternative means of
their influence. Noting that the authors’ focus is on juvenile participation in crime,
their hypothesis is that structural variables achieve their effect by attenuating the
capacity for proper parental control processes to occur1 .

10.1.3

Broadening the hypothesis

The Weatherburn-Lind hypothesis is framed in terms of the effects of structural
variables negatively impacting on parenting capacity which, in turn, results in increased incidences of youth delinquency. That is, parenting is posited as a variable
which mediates the effects of structural variables on young offenders. The selected
variables represent the three concepts delineated in the classical formulation of SDT
by Shaw and McKay (1972 [1942]). Thus, Weatherburn and Lind (2006) articulate
their hypothesis in terms of an alternative to SDT whereby a mediating variable –
child neglect – explains the effects of structural variables on crime.
In broad terms, there is considerable similarity between variables used in the
research conducted by Weatherburn and Lind and that reported in the thesis to this
point, as indicated in table 10.1.
In adapting current variables for an exploratory study reflecting the approach of
Weatherburn and Lind the following observations follow from table 10.1.
First, descriptors are assigned to variables according to common practice in mediation analysis. In addition to a mediating variable (the “mediator”), independent
1

Other literature on Disruption as a mediating variable is summarised in chapter 12.
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Table 10.1: Comparison of variables with those of Weatherburn and Lind (2006)

Table 10.1 has been removed from this version of the Thesis.

variables are referred to as “predictors” and dependent variables as the “outcome”.
Second, the existing set of structural variables used in the current research reflects an augmented set of five concepts relevant to SDT, whereas the three used
by Weatherburn and Lind reflect a classical formulation by Shaw and McKay (1972
[1942]). The use of five variables is retained here for continuity.
Third, where they define a single mediating variable, “child neglect” – defined
using formal reports made to the NSW Department of Community Services – the
current study uses Disruption – defined using census data on single-parent families.
Crucially, such data cannot be construed to indicate alignment between concepts of
sole-parenting, child neglect or propensity to crime2 . It is believed that Disruption
and “child neglect” touch upon similar issues relating to youth supervision. Thus,
in responding to the challenge posed by issues motivating the work of this chapter,
Disruption is removed as a “predictor” and inserted as a “mediator” variable.
Finally, the orientation of the current research is decoupled from the focus by
Weatherburn and Lind on youth delinquency. This may be observed in dataset
differences for mediator and outcome variables. In the case of Weatherburn and
2

It is important to note that all such data derive their utility from being aggregated variables.
With the dominating presence of Disruption – defined in terms of single-parent families – it is
important to recognise a qualitative difference between single-parent families and an aggregation
of single-parent families. Failure to do is problematic for two reasons. The first is a logical fallacy
often referred to as the “fallacy of division” (Copri et al., 2011). The relevant variant of this fallacy
is that attributes of a class are argued as attributes of class members – a general-to-specific fallacy.
This takes the form that: (i) “A” is a member of class “B”; (ii) “B” is observed to exhibit “X”; (iii)
therefore, “A” exhibits “X”. The second issue relates to the qualitative difference in aggregation.
This relates to the logical fallacy of composition – a specific-to-general fallacy (see Copri et al.,
2011, p. 149). In the case of Disruption, the concept is a collective reference to numbers of singleparent families. Therefore, it embodies issues such as the interaction of unsupervised youth and
critical mass, which suggests non-linearity. As a result, Disruption in the context of the current
research is removed from any direct association between crime and parenting or family structure.
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Lind these are formal complaints of child neglect and youth appearances in court,
respectively. In the current research this is broadened. While the mediator is still
focused on youth, albeit expressed in terms of family structure, the outcome is
defined in terms of Violence. This represents a less constrained temporal relationship
between the mediating variable and the outcome in that a youth-specific variable
(Disruption) is considered in terms of broader community effects (Violence)3 .
Although a different methodological path is explored, the discussion above establishes a set of variables which are poised to replicate the study of Weatherburn and
Lind within the terms of the current research. The null hypothesis is that Disruption
plays no mediating role in the relationship between four predictors – Disadvantage,
Heterogeneity, Mobility and Urbanisation – and Violence as the outcome.

10.2

Mediation analysis

This section describes the methodological processes employed in mediation analysis
and presents the results. This establishes whether or not outcomes presented in Part
III of the thesis need to be reconsidered.

10.2.1

Methods

Figure 10.1 presents what is sometimes called the “total effect model”4 . This expresses an interest in testing associations between one or more predictor variables
(here labelled according to current interests as “structural variables”) to the proposed outcome, Violence. This is represented by path c. “Disruption” is ghosted in
the figure to signify that a variable has been removed from the pool of structural
variables and plays no role in that model. Thus, path c indicates the effect of the
predictor(s) on the outcome without controlling for the effect of possible mediator
variables. The total effect model is fundamentally a testable association between
predictors and outcomes, which represents the approach summarised by the results
in chapter 9 of the thesis.

3

This marries well with observations by Shaw and McKay (1972 [1942]) in formulating SDT that
the relationship between variables and delinquency remained intact despite population turnover.
This is a fundamental result as it consolidates the concept of criminogenic place. Thus, while
Weatherburn and Lind ensure that counts for neglect appropriately predate counts for juvenile
court appearances – to accommodate the passage of time in exploring the potential for direct
causality – in the current study this tight temporal coupling is not observed.
4
Some terminological issues need flagging. The reclassification of variables as “predictor”,
“mediator” and “outcome” has already been noted. However, a departure is made from other
terminology also typically employed in mediation analysis on the basis that those terms have been
assigned alternative meanings in chapter 9. Thus, instead of referring to a direct relationship
between, say, predictors and the outcome this will be described as an “immediate” relationship;
likewise, instead of referring to an indirect relationship to indicate an effect between two variables
via a third variable, this will be described as a “mediated ” relationship. This usage becomes more
apparent in situ.
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Violence

Disruption

Structural variables

Figure 10.1: The total effect model

Figure 10.2 represents the situation where Disruption is brought into the model
to explore its potential for influencing the outcome as a mediator. For that reason
it is referred to here as the “mediation” model.

c0

Structural variables

Violence

a

b

Disruption

Figure 10.2: Mediation model: Disruption as a mediating variable
The combined pathway in the mediation model, ab, represents the mediated
pathway. Path a represents the effect of the predictor(s) on the mediator and path
b the effect of the mediator on the outcome. In this context, path c0 differs from
path c in figure 10.1 in that path c0 now represents the effect of the predictor(s) on
the outcome while controlling for the mediator 5 .
The analysis proceeds through three phases. The first uses regression processes
to test the relationships defined by the pathways just described. The second phase
applies formal analysis to diagnose the results. The third interprets those results.
The first phase begins with a multi-step regression progress initially proposed by
Baron and Kenny (1986)6 :

5

Reference to observing outcomes while “controlling for” specific effects may need some clarification. In particular, the idea of “control” is typically associated with experimental research
where a group is held constant by design. However, in observational studies, “control” must be
found within the data. This may be achieved by a number of means, but most commonly – as used
here – it is in the context of multivariate regression. Since the resulting coefficient tables indicate
the effect of each (isolated) independent variable, ceteris paribus, others are considered to be held
“constant”. As a result, adding variables to a linear regression model is referred to as “controlling
for” those variables. In some disciplines it may be referred to as an “adjustment”.
6
The original methodology consists of four steps rather than the three presented here (Baron
& Kenny, 1986); however, for simpler presentation and to accommodate later revisions (Kenny et
al., 1998; Kenny, 2020) it has been reduced to three.

203

CHAPTER 10. A MEDIATING VARIABLE

10.2. Mediation analysis

1. Test the total effect model, represented by path c (figure10.1).
2. Test the mediator effect, represented by path a (figure 10.2) – that is, the
relationship between the predictors (the four structural variables) and the
suspected mediator (Disruption). Here, the structural variables are treated
as independent variables and the Disruption as the dependent variable.
3. Test the effect represented by path b, using Violence as the dependent variable and Disruption as the independent variable, while controlling for the
effect of predictor variables (path c0 ). The test cannot assess the effect of
Disruption without controlling for the four structural variables as any correlation between Disruption and Violence might occur as a result of them both
being influenced by the structural variables.
Step 1 is expected to reveal significant association between the predictors and the
outcome in the total effect model. This establishes that there is a relationship which
can be mediated. However, this expected outcome is typically regarded by many
(but not all) analysts as being non-essential (Kenny et al., 1998; Kenny, 2020).
Second, Steps 2 and 3 are required to indicate significance in order to validate a role
for the mediating variable. This concludes the first phase of the process.
The second phase is diagnostic. Assessment of the regression outcomes permits
three interim results: (i) complete mediation in the case that steps 1 and 2 yield statistically significant results and the relationship between predictors and the outcome
become insignificant when controlling for the mediator in step 3; (ii) partial mediation when the situation just described holds but with some remaining significance
between predictors and outcome is evident; and (iii) no evidence for mediation in
the case that one of these previous conditions is not established7 .
The third phase interprets results, described above as “interim” on the basis that
– where mediation is indicated – they should be subjected to a formal test in order
to understand the mediated effects and correctly interpret coefficients. The Sobel
test (Sobel, 1982) is one approach, although due to a number of constraints – such
as assumptions of normal distribution in the mediated effect and being inaccurate
for small samples – boot-strapping alternatives are usually employed. Of these, the
“marginal mediation” approach is used here (Barrett, 2018; Barrett et al., 2019)8 .
7
8

The last of these forms the null hypothesis for the research reported in the current chapter.
Weatherburn and Lind use three linear models, as follows:
D∼N
D ∼P +M +H
D ∼N +P +M +H

where “D” is “Delinquency”, “N ” is “child Neglect”, “P ” is “Poverty”, “M ” is “Mobility” and
“H” is “Heterogeneity”. They then use coefficients to construct a “path diagram” – similar to
that presented below (figures 10.3 and 10.4). However, they do not specifically test the “mediator
effect” as described in step 2 above.
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Results

Results for each of the three regression steps indicated for the first phase in mediation
analysis are presented diagrammatically.
Step 1 tests the total effect model and regresses the outcome, Violence, on the
(four) predictors. This is indicated in figure 10.3 which is an expanded representation of the total effect model (figure 10.1) where predictors are separately represented in order to annotate regression coefficients and significance levels. The arrows
collectively represent the c pathway in the total effect model. It is apparent that
Disadvantage and Urbanisation are both highly significant and positive.

Disadvantage

0.4

15 **

Heterogeneity

0.016

Violence

7

02

54
0.

Mobility

3 ***

-0.

Disruption

Urbanisation

Figure 10.3: Regression coefficients for path c
p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

The following two diagrams represent the mediation model from figure 10.2 at
two different phases in the reporting of results. Relationships irrelevant to the
current phase of reporting are indicated for consistency but ghosted.
Figure 10.4 represents step 2 in testing the mediation hypothesis. It indicates
the results of testing path a in the mediation model where the proposed mediating
variable is regressed on the predictors. All structural variables are observed to have
a significant association with Disruption, with Disadvantage and Urbanisation the
strongest9 .

9

This represents another point of correspondence with the study by Weatherburn and Lind
(2006), who observed “Poverty” to have the strongest effect on family neglect; they did not include
a variable corresponding to Urbanisation.

205

CHAPTER 10. A MEDIATING VARIABLE

10.2. Mediation analysis

Disadvantage

Heterogeneity

Violence
0.6
15

**

.1

-0

*

—

87

Mobility

-0.

26

Urbanisation

6*

0.628***

Disruption

Figure 10.4: Regression coefficients for path a
p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

Figure 10.5 represents the second half of the reporting on the mediating model
– corresponding to step 3 in testing the mediating hypothesis (paths b and c0 )10 .
Violence is regressed on the proposed mediating variable, Disruption, while controlling for the four structural variables. Two observations are apparent, namely that
Disruption has a significant positive relationship with Violence but the predictors
no longer do so.

Disadvantage

0.0

31

Heterogeneity

0.133
Violence
39

0.

Mobility

15

1

0.1

0.624***

Disruption

Urbanisation

Figure 10.5: Regression coefficients for paths b and c0
p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

Recall that c0 (in the mediated diagram) is not the same as c (in the total effect diagram) as
c occurs in the context of controlling for the mediating variable.
10

0
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Summarising the results presented above:
1. Testing the total effect model reveals a significant positive relationship between the predictors Disadvantage and Urbanisation and the outcome variable, Violence (figure 10.3);
2. Testing path a of the mediation model indicates that all four structural variables exhibit a significant relationship with Disruption – Disadvantage and
Urbanisation demonstrating positive relationships while Heterogeneity and
Mobility negative ones (figure 10.4);
3. Testing path b reveals that Disruption has a significant positive relationship
with Violence when controlling for the remaining four structural variables
(figure 10.5); and
4. None of the four structural variables exhibit a relationship with Violence
when controlling for the effects of Disruption (figure 10.5).
These results suggest that Disruption operates in a role of complete mediation between the remaining structural variables and Violence.
The final phase in the mediation analysis is the application of formal processes
using the marginal mediation approach developed by Barrett (Barrett, 2018; Barrett
et al., 2019). Results are reported in table 10.2.
Table 10.2: Results of mediation analysis
Effect

Variable

Immediate

Disadvantage
Heterogeneity
Mobility
Urbanisation

Mediated

Disadvantage
Heterogeneity
Mobility
Urbanisation

Estimate
0.0314
0.1338
0.1398
0.1526
0.3871—
-0.1178
-0.1672
0.3951***

Confidence Interval
(-0.2063, 0.5752)
(-0.2080, 0.3250)
(-0.1097, 0.3628)
(-0.0382, 0.4770
(0.1474,
(-0.3527,
(-0.3357,
(0.2359,

0.7623)
0.0313)
0.0268)
0.5599)

p-value
0.4474
0.2044
0.1652
0.1649
0.0192
0.8435
0.9354
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

The results support outcomes from regression processes in initially testing the
mediation hypothesis, confirming (i) the mediating role for Disruption and (ii) a
diagnosis of complete mediation. It is apparent that under such conditions the
significant immediate relationships between the remaining four structural variables
and Violence have been reduced to zero and – while all have a significant relationship
to Disruption – only Disadvantage and Urbanisation maintain any relationship with
Violence which they do completely via a mediated relationship with Disruption.
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As a result of these findings, the null hypothesis that Disruption does not play
a mediating role in the relationship between predictor and outcome variables is
rejected. With relationships established, the next consideration is modelling.

10.3

Model selection and interpretation

Having established that Disruption demonstrates complete mediation between the
four remaining structural variables and Violence, a model selection process is initiated in which Disruption is the only independent variable11 . Model selection and
diagnostic processes follow those outlined in chapter 7.
An OLS model is estimated and results of post-regression Lagrange Multiplier
(LM) tests are presented in table 10.3 (step 1b, page 148).
Table 10.3: LM test results for Disruption (df = 1): Sydney
Test
LMρ
LMλ
RLMρ
RLMλ

Statistic

p-value

45.116
33.355
12.048
0.286

 0.0001
 0.0001
0.0005
0.5925

Robust LM tests lead to the assessment that ρ 6= 0, suggesting that the OLS
model will be improved by either SDM or SAR (step 2a, page 150). These are
estimated and a post-regression likelihood ratio test is conducted (LRγ = 0.1024,
df = 1, p = 0.749). As a result, H0 : γ = 0 fails to be rejected and SAR is selected as
the preferred model (step 2b, page 150). Diagnostics for the selected (SAR) model
are presented in table 10.4 and compared with OLS.
Table 10.4: Diagnostics for Disruption (OLS and SAR): Sydney
Test
Log Likelihood
AIC
BIC
R̄2
Koenker-Bassett
White
Robust Jarque-Bera
Moran’s I

OLS

SAR

-193.204
392.408
401.937
0.468
0.907
0.918
93.015
0.3021

-173.576
355.153
367.857
0.574
1.311
1.718
70.199
-0.0237

(1, 0.341)
(2, 0.632)
(2, 0.000)
p  0.0001

(1, 0.252)
(2, 0.424)
(2, 0.000)
p = 0.7265

Entries in parentheses indicate (df , p-value)

11

Again, this does not represent a point of departure from explanatory modelling as the decision to reduce the model is founded on theoretical grounds rather than on an interest in model
optimisation. What has changed is the theoretical basis for modelling, based on theory-driven and
data-led outcomes. This guided exploration of theory has resulted in new focal points as the basis
for that which is being explained, rather than a change to the fundamental purpose for modelling.
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In all cases, “goodness-of-fit” and related diagnostics confirm an improved outcome for SAR over OLS. While robust Jarque-Bera results indicate a not-unexpected
non-normality in the residuals, both models exhibit homoscedasticity in the KoenkerBassett and White tests. Finally, tests of spatial autocorrelation reveal that its
presence in the OLS model has been addressed in the selected spatial model12 .
Coefficients for the SAR model are presented in table 10.5.
Table 10.5: SAR coefficients for Disruption: Sydney
Variable

Estimate

Intercept
Disruption
ρ

-0.0357
0.5138
0.4532

Std. Err.

z-value

P r(> |z|)

0.0474
0.0570
0.0680

-0.7544
9.0196
6.6655

0.4506
 0.0001
 0.0001

***
***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Confirming selection of SAR, both Disruption and ρ are observed to be highly
significant and positive. The table of mean impact measures (table 10.6) shows both
direct and indirect effects to be highly significant.
Table 10.6: Mean impact measures for Disruption (SAR): Sydney
(MCMC, n = 2, 000)
Variable

Effect

Impact

Disruption

Direct
Indirect
Total

0.5427
0.3970
0.9397

***
***
***

Std. Err.
0.0561
0.0975
0.1151

z-value

Pr(< |x|)

9.7081
4.1623
8.2614

 0.0001
 0.0001
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

Mean direct effects contribute to over 57% of the total (0.5427 ÷ 0.9397). Differences in magnitude between them and β-coefficient estimates (table 10.5) is less than
6% (0.5138/0.5427 = 0.9467), suggesting feedback effects from direct influences are
small. These are best observed via partitioned mean impact measures, presented in
table 10.7. As noted in chapter 9 the expected “zero-entry” slots are well-behaved
in reporting the SAR model13 .
All effects extend to at least three orders of neighbourhood with consistently
positive signs and decreasing levels of significance; in the case of direct effects particularly, these attenuate dramatically – as is typically the case. Thus, the influence
of Disruption on Violence is well-described by the SAR model and presents relatively simple patterns of positive association with Violence over a number of orders
12

The Moran’s I test for the SAR model is confirmed by the LM test with the result LMSAR =
0.5673, p = 0.4513.
13
That is, partitioned mean impact measures for SAR models meet intuitive expectations of
zero direct influence in one neighbourhood traversal (indicated by W1 ) and zero indirect influence
in no traversal (W0 ). While this necessarily follows in the case of SAR, tables 9.5 and 9.8 confirm
non-compliance with intuition in the case of SDM. This is partly resolved in the case of SDM by
invoking a non-literal interpretation of these cells in reading a partitioned impact table.
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Table 10.7: Partitioned mean impact measures for Disruption (SAR):
Sydney (MCMC, n = 2, 000)

Variable

Effect

W0

Disruption

Direct
Indirect
Total

0.5138
0.0000
0.5138

Orders of neighbourhood (0-4)
W1
W2
W3
***

***

0.0000
0.2329
0.2329

***
***

0.0231
0.0824
0.1055

**
**
**

0.0026
0.0452
0.0478

—
—
—

W4
0.0022
0.0195
0.0217

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

of neighbourhood. In addition, the interpretation of ρ in SAR models is such that
it suggests global influence between local and extra-local levels of Violence; that is,
a change in one area of the case study results in a ripple effect that permeates the
region with effects that attenuate with increased distance14 .

14

Note that this account of the effects of the spatially treated dependent variable, ρW y, differs
from that associated with the effects of the same variable in the case of SDM – as indicated in
chapter 9.
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Figure 10.6 maps the results of the selected model, indicating fitted results in
choropleth, LISA and significance plots, plus a map of residuals15 .

Figure 10.6 has been removed from this version of the Thesis.

Figure 10.6: Spatial Auto-Regressive model (SAR) plots for Disruption, Sydney
(top-to-bottom, left-to-right): Choropleth of SAR fitted values, residuals, LISA
plot of SAR fitted values (I = 0.7122, p  0.0001), and significance plot

Finally, figure 10.7 presents choropleth and LISA plots of the SAR model fitted
in this chapter (top) against those for the (“full-effect”) SDM model presented in
chapter 9 (middle) and a univariate maps of Violence (bottom).

15

Quantile breaks are used in the choropleth. For comparison purposes, the following figure
(10.7) uses fixed cut-points as described previously.
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Figure 10.7 has been removed from this version of the Thesis.

Figure 10.7: Comparison plots for Sydney models – Choropleths (left) and LISA
plots (right): (top-to-bottom) – SAR model for Disruption alone; full SDM model;
and Violence
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Summary

The Spatial Durbin Model was previously selected as the preferred model for the
Sydney case study (chapter 8). Observations of results – principally a dominant
role for Disruption and spatial autocorrelation in the residuals – prompt further
exploration. This is guided by an earlier Sydney study in the work of Weatherburn
and Lind (2006). Following that work, Disruption is explored as a variable that
mediates the influence of the remaining structural variables on Violence. Mediation
analysis indicates support for a completely mediated model.
In the final mediated model, Disruption (the “mediator”) exhibits a highly significant relationship with Violence – as anticipated. It also mediates the effect of
the remaining structural variables (the “predictors”) such that none indicate significance with Violence when controlled for Disruption – which is a defining feature
of complete mediation. Two predictors demonstrate significant relationships with
Dispruption – Disadvantage and Urbanisation, both of which are positive.
This establishes a more nuanced, hierarchical relationship between variables than
was initially explored. Since the completely mediated model indicates no association between predictors and Violence – except via the mediator variable – the results
prompt a return to the model selection process presented in chapter 7 using Disruption as the sole independent variable. This evolves as a matter of theory-led
exploration rather than model parsimony. The Spatial Autoregressive (SAR) model
is selected as a result. As introduced in chapter 7, this incorporates a single spatial
component and is represented by y = ρW y + Xβ + ε. “Goodness-of-fit” diagnostics
indicate an improvement of SAR over OLS, and the selected model demonstrates
homoscedasticity and the absence of significant spatial autocorrelation in the residuals.
In interpreting the selected model, the following is noted. The spatially treated
dependent variable, ρW y, is highly significant. This addresses evidence of spatial
autocorrelation of Violence (chapter 6). Unlike SDM, the interpretation of the
spatial dependent component incorporates a global effect such that local changes in
Violence ripple throughout the study area rather than remain confined to the defined
neighbourhood (in W ). Impact measures reveal that both direct and indirect effects
are highly significant and positive, and this remains the case over three orders of
neighbourhood with consistent attenuation over increasing order. Direct local effects
are considerably stronger than indirect effects from immediate neighbours.
Implications of these findings for theory are discussed in chapter 12.
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Chicago: Segregation and structural instability

This chapter presents a reinterpretation of the findings for Chicago based upon the
inclusion of new data representing segregation along “racial”/“ethnic” lines1 . A
statement of motivations is followed by an account of “race” and “ethnicity” in the
U.S. and of how new data are developed to represent concentration and segregation.
Methodology is introduced in terms of the concept of structural instability and in
modelling which incorporates the use of spatial regimes.

11.1

Motivating issues

Two aspects of the modelling results for Chicago suggest further avenues of inquiry.
The first issue concerns modelling diagnostics. These largely confirm the model
without qualification. For example, “goodness-of-fit” results are strong and – unlike
the Sydney case – tests fail to detect spatial autocorrelation in the residuals2 . On
the other hand, significant heteroscedasticity is detected3 . Discussion in section 8.3
responds to the issue of heteroscedasticity in three terms: (i) that it is not necessarily
unexpected and in some applications may be considered to be the norm; (ii) that it
may be managed by the use of heteroscedasticity-consistent (HC) robust standard
errors; and (iii) that appreciation of its ramifications may depend upon its functional form. It is the last of these that prompts further exploration in this chapter,
described further in a following section on structural instability (section 12.6).
The second observation of note with respect to prior modelling results is that
Heterogeneity exhibits negative coefficients for direct effects (table 9.7) – an attribute also evident in direct partitioned effects (with the exception of immediate
1

The use of quotation marks around the terms “race” and “ethnicity” represents an implied
ambiguity associated with the terms, and is maintained until some disambiguation regarding their
use in the current context is established.
2
This is indicated by the absence of obvious patterns in the plot of residuals (top-right, figure 8.3), by Moran’s I (I = 0.0052, p = 0.7448 in table 8.6), and by LM tests (LMSDM = 0.4626, p =
0.4964).
3
This is indicated in table 8.5: Koenker-Bassett = 32.35, df = 10, p = 0.0003; White = 37.04,
df = 20, p − 0.0116.
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neighbours) as evident in table 9.8. This suggests that at least for direct effects,
Heterogeneity performs contrary to expectations derived from SDT.
While these observations are not particularly commanding and might be incorporated into a broader spatial account (as outlined in chapter 8), the negative results
for Heterogeneity resonate with a priori knowledge about the nature of “racial”
and “ethnic” segregation in Chicago. That is, homogeneity – rather than heterogeneity – may be expected to indicate a positive relationship to Violence, ceteris
paribus. “Race”-based social-justice issues such as “Black disadvantage” (e.g., Firebaugh & Acciai, 2016; Massey & Tannen, 2016; Sampson, 2019), “White privilege”
(e.g., Guglielmo, 2003; Jackson, 2019; Varela, 2014) and the “Latino paradox” (e.g.,
Romero, 2014; Sampson, 2008b; Wright et al., 2014) are strong motivators for reconsideration of prior modelling results – especially where these concepts are represented by spatially homogeneous areas.
Finally, lending weight to the supposition that social justice may have a spatially
evident “racial”/“ethnic” dimension in Chicago is the observation that such associations have historical persistence. This is noted in early sociological and criminological research (e.g., Abbott, 1970 [1936]; Benedict, 1907; Bushnell, 1901). Evidence of
such includes developments in Social Disorganisation Theory, such as that by Park
and Burgess (1967 [1925]) and by Shaw and McKay (1972 [1942]). Historical maps
which collocate “race”/“ethnicity” and various social conditions and urban features
are presented in appendix P to demonstrate this historical continuity.

11.2

A note on “race” and “ethnicity” in the US

The U.S. Office of Management and Budget (1997) provides guidance on the classification of “race” and “ethnicity” used for purposes of self-identification. This is
adopted by the 2010 census and in ACS surveys. A summary of the implications of
these standards is as follows (Humes et al., 2011).
“Race” and “ethnicity” are different categories. A minimum of five subcategories
are used for “race”. These are:
 American Indian or Alaskan Native;
 Asian;
 Black or African American;
 Native Hawaiian or Other Pacific Islander; and
 White.
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In addition, a sixth category was approved for “other” racial groups4 .
Furthermore, a minimum of two categories is required to express “ethnicity”:
 Hispanic or Latino; and
 Not Hispanic or Latino.

Table 11.1 provides details of breakdown by “race” and “ethnicity” for Chicago at
the census-tract level (see section F.6 for more information)5 .
Table 11.1: Hispanic and Latino origin by race for major racial groups in
Chicago (census tract level)
Ethnicity

Race

Min.

Q1

Median

Q3

Max.

StdDev

Latino

Asian
Black
White
Other

0
0
0
0

0.0
0.0
13.2
11.0

0.0
0.0
146.0
128.0

0.0
11.0
518.5
773.0

86
344
3842
4708

9.58
30.33
535.43
864.02

non-Latino

Asian
Black
White
Other

0
0
0
0

0.0
65.2
50.0
0.0

45.5
403.0
578.0
23.0

204.8
1736.5
1716.0
62.0

5926
8379
6086
468

384.18
1487.59
1266.36
66.60

“Q1” and “Q3” refer to 1st and 3rd quartiles, respectively. “StdDev” = Standard
Deviation

What is apparent from these results is an extremely low rate of self-identification
by those indicating Latino “ethnicity” with Black or African American “race”.

11.3

“Race” (re-)defined

Three basic decisions establish how “race” is used in this chapter.
The first decision is that race is defined as a conflation of “race” and “ethnicity”
– a decision that reflects common practice6 . The basis for conflation of these two
concepts also follows common practice in adopting the all-race-Latino classification.
This incorporates “Latino” as an additional racial category which overrides further
self-identification on the basis of “race” (and is indicated by the upper panel in
4

Recipients could nominate alternative racial identification on the survey instruments, including multi-racial affiliation.
5
The reference to “other” in this table refers to racial groups with marginal presence in Chicago
as a matter of convenience. The source dataset used to establish these figures includes all five
categories for “race” as mandated by the Office of Management and Budget (1997) plus additional
response categories for: (i) “Some other race alone”; (ii) “Two or more races”; (iii) “Two or more
races: Two races including Some other race”; and (iv) “Two or more races: Two races excluding
Some other race, and three or more races”.
6
This represents the point at which quotation marks are removed from the term “race” to
indicate its use in a manner defined for purposes specific to this chapter. Quotation marks are
preserved in denoting references outside of this specific definition.
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table 11.1)7 . This has implications for the use of counts in variable construction.
The issue arises since “race” and “ethnicity” are generated from different questions
in survey instruments. This risks “overlap” in counts arising from the fact that these
are neither mutually exclusive nor synonymous terms. Generally, this “side-effect”
is not made explicit. However, it eventuates that when applied to the context of
segregation (as discussed in section 11.4) a trivial means of avoiding such count
conflict arises.
The second decision is that racial groups of interest are reduced to those with the
largest representation in the Chicago case study – (i) Black or African Americans
(32.3%); (ii) Latino or Hispanic (28.8%); and White (31.9%). Asians (5.4%) are
mostly excluded as a fourth group purely for methodological reasons involving relatively small numbers of concentrated population at the census tract level, explained
further in section S.1 (appendix S)8 .
The third decision addresses naming conventions and largely follows American
Psychological Association (2020) recommendations. “Black” is used to represent
“Black or African American”, “Latino” is used to represent “Hispanic or Latino”
and “White” remains unchanged. It is acknowledged that good arguments exist for
alternatives to each of these and the decision was ultimately guided by erring on the
side of common usage9 .
Although this provides an appropriate and workable basis for proceeding, “race”
and “ethnicity” represent complex issues. A reflective discussion of such is presented
in appendix T.

11.4

Exploring segregation

The previous section describes near-equal representation of the three major racial
groups in Chicago – Black, Latino and White – suggesting racial heterogeneity
at the city-wide scale. However, the motivating statement for this chapter includes
reference to race-based social-justice issues that are reflected spatially in the Chicago
landscape. For this to be open to exploration, data observed at the metropolitan
scale need to indicate relatively homogeneous patches of racially segregated groups
within the case study area. This is revealed in two visual representations10 .
7

Thus, the use of commonly used terms such as “non-Hispanic Whites” is rendered unnecessary
since this group is now referred to as “White” and “Hispanic Whites” are referred to as “Hispanic”
(or “Latino”).
8
The inclusion of the Asian population is maintained in the following discussion to the point
that the small-number methodological problems described in section S.1 apply.
9
In particular, use of the term “Latino” is selected in preference to “Hispanic” as the latter
has connotations of a Spanish-speaking population that may not be widely acceptable. However,
“Latino” as used here is confined to gender-neutral usage and is not intended to suggest the
masculine. This has been adopted as a stylistic alternative to more recent, more explicitly nongendered, but also slightly less readable variations such as “Latino/a”, “Latinx” and “Latin@”
(see de Onı́s, 2017).
10
The raw data for race are described in section F.6 (appendix F).
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The first, in figure 11.1, indicates dramatic segregation. This image is constructed as follows. Since colours may be described in terms of relative levels of red,
green and blue (RGB), each tract is assigned an RGB component based on relative
racial presence: red represents the ratio of Latinos, green the ratio of Whites and
blue the ratio of Blacks. These RGB components are combined to create a colour
for each tract. Strong evidence of heterogeneity – that is, distributional “evenness”
– would be indicated by monochromatic shades. Instead, RGB component values
dominate the image. This is most evident for blue, indicating very high levels of
segregation for Black residents. Green is less clearly delineated, but nevertheless
relatively unmuted and suggestive of high levels of homogeneity for the White population. Remaining areas are reddish-orange, indicative of well-defined Latino areas
within Chicago which include smaller numbers of White residents11 .

Figure 11.1 has been removed from this version of the Thesis.

Figure 11.1: “RGB” (red-green-blue) plot of the three main “racial” groups in
Chicago, population ratios reflected by tract colour ratios, whereby: red = Latino;
green = White; and blue = Black

11

As a matter of completeness, it should be noted that the not all of the RGB colour spectrum
is available since colour components are constrained. For example, white areas cannot exist since
it is impossible for any tract to exhibit 100% presence for each of the Black, Latino and White
population. Instead, maximum heterogeneity – or distributional evenness – is indicated by 33.3̇%
of each, rendering a medium-dark grey. This is not a shortcoming and produces a map that behaves
as expected.
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The second visual aid to exploring segregation uses LISA plots, presented in
figure 11.2.

Figure 11.2 has been removed from this version of the Thesis.

Figure 11.2: LISA plots of four racial groups in Chicago: Asian (top-left), Black
(top-right), Latino (bottom-left) and White (bottom-right)
A reading of the four panels reveals positive spatial autocorrelation in the relative
presence of all races. The racial groups under consideration – Blacks, Latinos and
Whites – demonstrate considerable extent and contiguity in both high and low levels
of population concentration. Furthermore, a comparison of these maps provides
some interesting insights. In areas where spatial autocorrelation indicates that Black
presence is strong, White presence is low. This is a stark visual result suggesting
mutual exclusivity12 . Additionally, areas of strong White presence in the north-west
and areas of strong Latino presence in the west both correspond to areas of low
Black presence13 .
These observations of racially segregated areas prompt further analysis. A simple, global measure of group segregation is employed for this purpose – the Dissim12

It also applies to a lesser degree with Latinos: strong Black presence suggests weaker Latino
presence in the south, although with reduced areal extent and greater fragmentation.
13
The resulting maps bear good resemblance to choropleth maps produced by alternative means
for assessing health-care in Chicago by Oka and Wong (2014).
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ilarity Index, given by:
Du,v = 1/2 ·

n
X

|ui /U − vi /V |

(11.1)

i=1

where: where Du,v is the Dissimilarity Index for two groups whose populations are
represented at the city-wide level by variables U and V , and at ith tract-level by ui
and vi (Duncan & Duncan, 1955). This index is a good indicator of the evenness
characteristic in measuring segregation (Massey & Denton, 1988). Distributional
evenness (Du,v = 0) occurs when both populations are evenly distributed across
tracts (that is, the proportions are the same for all tracts as they are for the entire
city). Maximal unevenness (Du,v = 1) occurs in apartheid-like segregation where
neither population shares tracts14 . The results are presented in table 11.2.
Table 11.2: Pair-wise Dissimilarity Indices for race

Asian
Black
Latino
White

Asian

Black

Latino

White

—
0.8477
0.6690
0.4627

—
0.8260
0.8158

—
0.4575

—

Although this is a non-spatial test, the following observations are evident15 .
Adopting descriptors from the wider literature (see Nazari et al., 2013), racial residential segregation (in the evenness dimension) is universally at least high (0.4 ≥
D > 0.8) between all races. The exception is for Blacks who exhibit extreme segregation (D ≥ 0.7) with respect to all other races. These results marry well with
visual cues taken maps presented previously (figures 11.1 and 11.2).

11.5

Structural instability and spatial regimes

Two issues are raised by observations above. The first is that they may constitute
evidence of unaccounted-for spatial effects. The second issue is a methodological
response to such a presence, which here involves the use of “spatial regimes” in
modelling. Both concepts are introduced in this section.
Unaccounted-for spatial effects pose a risk to model specification. The discussion

14

One interpretation of the Dissimilarity Index is that it represents a proportion of either population that needs to move to different tracts to create a landscape of complete distributional
evenness; e.g., a value of 0.65 suggests that 65% of either population U or population V needs to
move before the two are evenly distributed across all tracts.
15
Although described as non-spatial, the index does capture the incidence of segregation (Brown
& Chung, 2006). Numerous spatial alternatives extend this (e.g., Morrill, 1991), but are not
implemented in this research.
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of such effects is limited to the case of “spatial heterogeneity” for simplicity16 . Spatial
heterogeneity refers to spatially varying structural relationships (Florax & Nijkamp,
2005). A form of spatial heterogeneity that has already been encountered is that
of heteroscedasticity, which addresses spatially differing error variances. An alternative form is structural instability, which is the focus of the work in this chapter.
Structural instability differs from heteroscedasticity in that it addresses spatially
varying regression coefficients (or “structural parameters”), and may be continuous
or discrete. Where it varies continuously in space, the process may be referred to as
“spatial drift” (Anselin, 1992). An example of a regression-based model for spatial
drift is trend-surface analysis, which includes coordinates as regression parameters
(e.g., using centroids in the case of areal data)17 . On the other hand, spatial heterogeneity may occur on a discrete basis. Examples include a study of European
economic convergence, where regions were identified as belonging to rich or poor
clusters (Ertur et al., 2006), and a study of homicide in Mexico where regions were
separated into those undergoing joint police task-force operations and those which
were not (Flores & Rodriguez-Oreggia, 2014). In such cases, it may be reasonable
to expect that regression results are parameterised differently dependent on membership of one of the discrete categories. Where such discrete regions are identified
they are commonly referred to as “spatial regimes”.
Following the results produced in section 11.4, the potential for racially based
spatial regimes to provide an improved account of spatial patterns in the data is
explored. A number of methodologies exist for incorporating spatial regimes into
regression modelling. One is spatial analysis of variance (Griffith, 1978, 1992; Legendre et al., 1990). Another approach is sometimes referred to as “switching regression” modelling (Anselin, 1988b, 1990) although, perhaps confusingly, it is also
commonly known as “spatial regime” modelling18 . Both of these methodologies are
employed in the work described in this chapter.

11.6

Research methods and results

This section describes the derivation of a categorical variable used to inform the
research, a test for spatial autocorrelation and the exploration of relationships using
new regression models. Finally, the model selection process (from chapter 7) is
16

Theoretically, the spatial effects of interest comprise those described by spatial heterogeneity
and those described by spatial dependence. However, in practice, these are often unable to be
separated (Anselin, 2010; Florax & Nijkamp, 2005). It is also important to note that the concept
of “spatial heterogeneity” is specific to this discussion and unrelated to the variable, Heterogeneity.
17
Of passing interest may be that early exploratory analysis included trend-surface modelling
of Violence, using polygon centroids as point data to derive coordinates. This was tested to order4 (quartic) polynomials. Unsurprisingly, given the spatial complexity of the model, results were
anchored to larger clusters of Violence but unrepresentative of data, even when spatially smoothed;
residuals exhibited strong spatial autocorrelation and highly structured maps.
18
Less frequently, other names are also encountered: spatial regimes specification, structural
instability model, structural change model, and more.
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employed to establish a preferred model. Results and interpretation are presented
in situ.

11.6.1

Variable creation

Motivated by the likelihood that spatial structure is non-uniform, the first methodological step involves the creation of a categorical variable to represent spatial
regimes19 .
LISA plots may appear to be strong contenders for determining the spatial
regimes that comprise race-based regions of segregation. After all, Anselin (1995)
remarks on their usefulness for this purpose; Flores and Rodriguez-Oreggia (2014)
provide one example, where areas are divided into rich areas (surrounded by other
rich areas) and poor areas (surrounded by other poor areas) on this basis. Furthermore, LISA plots are used above as a visual diagnostic tool in observing apparent
patterns of segregation in the Chicago case study (figure 11.2). However, each panel
in the figure represents a different race and these are observed to overlap.
Instead, a categorical variable is developed to reflect dominant racial presence
within a census tract. A literal rendering of this concept suggests that the racial
group with majority population in a tract is used to determine dominant presence.
This has the advantage of leaving no “holes” in the map, since there will (almost
certainly) be one racial group with higher population than others. However, this
may also misrepresent areas exhibiting approximate population parity20 . As a result,
a threshold-based approach is used, with thresholds set variously to 50% and – for
a “stronger” metric of dominant presence, to 75%. This requires the use of an
additional category, “none”, to represent tracts which fail to indicate dominant
racial presence under these criteria. Table 11.3 lists the number of census tracts in
each category at both threshold levels.
Given the very few tracts which do not indicate dominant presence by race at
the 50% threshold (only 46) the large increase in tracts which do not meet the more
stringent test at 75% is unsurprising. However, what may be of interest is that
– relative to other races – tracts with a dominant Black population exhibit little
change with increased threshold. That is, tracts in which the Black population is
19

This discussion refers to a single variable on the basis that it may represent any one of a
number of classes. Others may refer to multiple variables. The difference is purely methodological.
A single variable may represent multiple classes; alternatively, multiple Booleans may be employed
to the same end. In R, both approaches are seen, although use of a single multi-class variable is
more common in recent practice (these are called “factors” in R, each of which may be assigned
mutually-exclusive “levels”). For this reason, preference is given to expressing this as a single
variable.
20
With three groups of near-parity at the city level, a tract with 33% group “A”, 33% group
“B” and 34% group “C” will indicate group “C” as having a dominant presence, which is true
literally but may not correspond to street-level perception. Less dramatically, the same is true
for population counts of 44% group “A”, 45% group “B” and 11% group “C”. Only a minority is
clearly established in this scenario.
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Table 11.3: Number of census tracts by dominant racial presence

Racial group
Black
Latino
White
none

Threshold
50%
75%
292
177
279
46

251
85
156
302

% change
-14.0
-52.0
-44.1
656.5

dominant tend to exhibit higher levels of racial homogeneity than is the case with
Latinos or Whites.
Figure 11.3 presents maps of dominant racial presence21 .

Figure 11.3 has been removed from this version of the Thesis.

Figure 11.3: Spatial regime maps based on dominant racial presence for
thresholds of 50% (left) and 75% (right): red = Asian; blue = Black; Orange =
Latino; green = White; Yellow = both White and Latino; and off-white = none
(absence of dominant presence at the stated threshold)
The map on the left (illustrating the status of racial presence at 50% threshold)
presents a first view of race-based segregation. The first point of interest is that it
includes additional information in the sense of a class for “both White and Latino”.
This is employed despite the “all-race Latino rule” described in section 11.3 for
demonstration purposes22 . While the purpose of this rule is to enable the conflation
of “race” and “ethnicity” – as is commonly done – it is also important to present the
effects of that conflation. That is, there are regions within Latino-dominant areas
(at 50% threshold) where the dominant population identifies as “racially” White and
21

The maps indicate such pronounced patches of segregation that initial reaction to their severity
was to be suspicious of the generation process. After re-checking, validation was obtained from
scouring the Internet. A near-identical map using the same racial groups was located (Lilic, 2012),
with another confirming the starkness of Black segregation (Frankel, 2013).
22
Yellow (for White-Latino) and orange (for non-White Latino) are chosen as related colours in
order to facilitate visualising results of the “all-race Latino rule” as the aggregate of both colours.
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“ethnically” Latino. In accordance with table 11.1 Black-Latino identification is low
and does not occur as a dominant presence. The second observation is that there
are very few areas where no racial group exhibits dominant presence at the 50%
threshold. This reflects strong levels of segregation as seen in Dissimilarity Index
results (table 11.2), and this is further reflected in unfragmented areas of dominant
Black population presence in accordance with extremely high Dissimilarity Index
scores.
These observations are compared to the 75% threshold map. First, although
White-Latino designation is still included in the process, there are no tracts in which
this sub-group presents a dominant presence. Thus, although the “all-race Latino
rule” is used to conflate concepts of “race” and “ethnicity” this is only necessary for
a 50% threshold. At 75% the issue resolves itself without such intervention. Second,
there are – as expected – considerably more areas where population groups don’t
reach the threshold. However, the main areas are still identified by contiguous census
tracts by race, with areas previously identified as having dominant Black population
presence proving particularly robust to the imposition of a much higher threshold.
That is, where tracts satisfy low-dominance thresholds for Black residents they also
tend to satisfy high-dominance thresholds. Unlike other racial groups, where Black
dominant presence is observed at all there are few tracts where this presence is not
strong.
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Figure 11.4 complements the maps with a representation of relationship between
categories in the new categorical variable and Violence. The results are obtained
from spatial analysis of variance (ANOVA) using the categorical variable for racial
presence as the sole regressor23 .

Figure 11.4: Spatial ANOVA plots for thresholds of racial presence as sole
regressor on Violence (bars show confidence level of 0.95):
Thresholds of 50% (left) and 75% (right)
There is no substantial difference to report in comparing the two panels24 . Levels
of Violence are lowest in areas dominated by White population and highest in areas
of dominant Black presence, with Latino-dominated areas in between and roughly
equivalent to areas with no dominant racial group.
Figure 11.5 presents analogues of plots presented as an aide to data description in
chapter 4, coloured to indicate membership in the categorical variable for dominant
racial presence at 75% threshold.

23

Detailed results of spatial ANOVA procedures for the purpose of model comparison are presented later (subsection 11.6.3).
24
The Asian category is absent from this and all work which follows; as indicated previously,
this is a result of technical issues arising from working with small numbers involved, described in
section S.1 of appendix S. Since classification uses a threshold rule – rather a majority rule – these
revert to the classification of “none”.
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Figure 11.5: Plots of independent variables vs Violence by racial presence at 75%
threshold (blue = Black; orange = Latino; green = White; grey = none): (top-left
to bottom-right) Disadvantage, Heterogeneity, Mobility, Disruption, Urbanisation,
violin plot of Violence by racial presence
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Scatter plots (analogous to those in figure 4.5) reveal clear differences in the
relationships between independent variables and Violence – most evident for Blackdominant census tracts. As well as indicating levels of Violence (on the y axis) which
confirm results of spatial ANOVA in figure 11.4, distribution along the x axis adds
to the overall picture. In the case of Disadvantage, it appears that there are higher
rates of Disadvantage in Black-dominated tracts than in White dominated tracts –
with Latino-dominant tracts indicating neither extreme. Disruption is similar, with
clear separation between high levels of family Disruption for Black-dominated tracts.
The plot for Heterogeneity is of particular interest given prior results which showed
negative direct effects for this covariate (table 9.7). There is visual correlation
between high rates of Violence with extremely low rates of Heterogeneity in Blackdominated tracts; this may offer some explanation for results in prior modelling that
indicated an outcome for Heterogeneity contrary to expectations derived from SDT.
Finally, there is little clear distinction between racial categories for Mobility and
Urbanisation.
The remainder of this chapter focuses on the stronger test of dominant presence
– that with a population threshold of 75%. However, all results are also reported
for the lower threshold of 50% in section S.2 of appendix S.

11.6.2

Spatial autocorrelation

As with previous work, the derivation of variables and production of maps is followed by an analysis of spatial autocorrelation to confirm visual inspection. This is
conducted using a join-count test as appropriate for categorical variables25 .
Table 11.4: Join-count statistics of Chicago tracts based on dominant racial
presence at 75% threshold (MCMC, n=10,000)
Dominant presence
none
Black
Latino
White

25

Join count

p-value

99.93
108.03
25.25
55.00

 0.0001
 0.0001
 0.0001
 0.0001

This test assesses whether or not categorised tracts are more likely to be adjacent to tracts
of the same category than would occur by chance (Cliff & Ord, 1981). Conceptualising the test
typically reduces it to binary classification on a regular grid using immediate (order-1, Queen’s
contiguity) neighbours. However, by extension it addresses K-colour maps (Dacey, 1965) using
irregular polygons and neighbours defined by a spatial weights matrix, W (as here, with K = 4).
Using the simplified case for ease of explanation, the test proceeds as follows. Two colours exist:
black (“B”) and white (“W”). Neighbours are defined on the basis that they share a common
boundary on a regular lattice. Neighbours are considered “joined” by virtue of sharing this boundary. Three possibilities exist for “joins”: B ↔ B, W ↔ W and B ↔ W . These are counted, tallied
and halved (since join-sharing is reciprocal). The results are then compared with expectations from
a binomial distribution and the null hypothesis of no spatial autocorrelation is tested for each of
the three pairs using a χ2 distribution (Cliff & Ord, 1981). A generalisation of this test is applied
in the first instance and confirmed by a MCMC permutation test, as reported.
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Confirming visual representation in figure 11.3, join-count tests are highly significant for all categories in the dominant-presence variable, including the category
of “none”. Results indicate significant spatial autocorrelation for all categories.

11.6.3

Spatial ANOVA

Anselin (1992) defines spatial ANOVA as an exploratory tool for investigating the
differences between the mean of a variable and its spatial subsets. These subsets are
represented by the spatial regimes for racial presence as previously established. Assumptions relevant to traditional ANOVA (e.g., homoscedasticity and uncorrelated
data) are managed in spatial ANOVA by implementing it as a regression process
using dummy variables to indicate spatial sub-regions26 . Equation 11.2 represents
spatial ANOVA as a regression model27 .
y = αseg + ε

(11.2)

Table 11.5 provides results of the spatial ANOVA for classes in the variable for
dominant racial presence regressed on Violence.
Table 11.5: OLS spatial ANOVA for Violence regressed on
racial presence at 75% threshold (results relative to categorical
variable “none”)
Variable

Estimate

Std. Err.

t-value

P r(> |t|)

(Intercept)
Black
Latino
White

-0.2830***
1.3281***
0.1079
-0.7554***

0.0368
0.0547
0.0786
0.0631

-7.682
24.288
1.373
-11.966

 0.0001
 0.0001
0.1750
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

26

“Dummy variables” are those which may only assume values of “0” or “1”. Effectively, they
behave as Booleans. Here, they are used to represent spatial regimes, with one dummy variable used
to indicate areas belonging to each spatial regime. This requires uniqueness, such that areas belong
to only one class – and that all areas are assigned. In practice, alternatives may be used to achieve
the same effect. An alternative to multiple dummy variables in R is to use a single categorical
variable; this is referred to as a factor where each area is assigned a single class (referred to as a
level ).
27
The notation may benefit from some explanation since it does not explicitly incorporate
dummy variables. The approach follows comments in footnote 26 in which classes within a single
categorical variable represent the set of dummy variables. Notationally, this is indicated by the
presence of “seg” (for “segregation”) as a subscript to regression components to which it is applied.
This implies iteration over all available classes in “seg”, thereby also negating the need for sigma
notation. Although “dummy variables” will be referred to in discussion, excluding their direct
representation is a notational convenience that preserves meaning. Additionally, while the intercept
has been left as implied in previous models defined in the thesis, differences in intercept values by
spatial regime are of specific interest and all such models include it, represented by α. Elsewhere
it is used to indicate significance level (e.g., α = 0.05), but this is evident by context.

228

CHAPTER 11. STRUCTURAL INSTABILITY

11.6. Methods & results

It is important to note that the category “none” is not explicitly included in
the results. This is because it is used as the point of reference28 . Results confirm
initial explorations of dominant presence and Violence as presented in figure 11.4.
Compared to tracts where no racial dominance is established at 75% threshold,
Black areas are highly significant and positive, White areas are highly significant
and negative and Latino areas do not indicate significance.
As an OLS regression incorporating dummy variables to represent spatial regimes,
the spatial ANOVA is a simple example of an aspatial approach to dealing with
spatial heterogeneity. The model receives further, incremental development in the
following subsection.

11.6.4

Regime-switching regression models

Regime-switching regression employs spatial regimes in order to explore discrete
structural instability. It achieves this by incorporating discrete structural change
into the model – again using dummy variables – thereby allowing coefficients (and
the constant term) to assume different values for each regime. “Regime-switching
regression” suggests a number of possibilities – of which spatial ANOVA might be
considered one. These are presented incrementally.
Results in table 11.5 indicate distinct differences between spatial regimes and
Violence, raising the possibility of structural instability and that a lot of spatial
information is conveyed by a tract’s membership to one of the classes in the categorical variable29 . As a result, regime switching regression is estimated using OLS
in the initial instance.
Equation (11.3) defines an intercept-only regime-switching OLS model30 . This
extends equation (11.2) by the addition of independent variables.

28
This is a resolution of something often referred to as the “dummy variable trap”. By definition,
the results of adding all categories is a map where every region indicates “1”. That is, for area
i, nonei + Blacki + Latinoi + Whitei = 1, ∀i. Therefore, all categories cannot be applied to the
regression on the basis that they are perfectly collinear. In response, a dummy variable is selected
to be the reference, whereby its coefficient is absorbed into the overall term represented – in this
case – by the intercept. Selection of “none” for the reference category reflects the interest in
dominant racial presence. This accords a useful relative interpretation whereby racially-dominant
areas are discussed “with respect to” more mixed areas. An alternative procedure which suppresses
the intercept does, in fact, indicate results for “none”. This is not used for a number of reasons:
(i) Results with respect to mixed areas is a preferable reading; and (ii) The option is not extended
to later models and, therefore, using “none” as a reference is more consistent.
29
This is validated by results from an earlier iteration of this work which used the model selection
approach of Anselin (1988b) and found the selected model to be OLS. In other words, a case of
structural similarity was observed whereby membership in the categorical variable fully explained
spatial patterns of violence.
30
Some disambiguation of terminology may be required. Strictly, “intercept-only” is suggestive
of the spatial ANOVA model (results presented in table 11.5) since only constants are modelled.
The effect of plotting that model would be horizontal lines. However, “intercept-only”, as used in
this context, indicates that only constant terms separate the regimes; thus, slope is also determined
but shared.
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y = αseg + Xβ + ε

(11.3)

This models the situation where spatial regimes maintain a shared slope but indicate different intercept values. Estimates for the intercept-only model are presented
in table 11.6.
Table 11.6: OLS intercept-only regime-switching model for
Violence regressed on racial presence at 75% threshold (results
relative to categorical variable “none”)
Variable

Estimate

Std. Err.

t-value

P r(> |t|)

(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White

-0.0717
0.2003***
-0.1164**
0.2511***
0.2832***
-0.2348***
0.5122***
-0.0090
-0.4544***

0.0417
0.0271
0.0327
0.0213
0.0304
0.0204
0.0895
0.0731
0.0614

-1.717
7.379
-3.379
11.784
9.308
-11.529
5.726
-0.123
-7.404

0.0863
 0.0001
0.0004
 0.0001
 0.0001
 0.0001
 0.0001
0.9025
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Results reflect previous outcomes. The five independent variables meet expectations derived from OLS (summarised in table 8.9 and presented in detail in table N.1). That is, β-coefficients are significant and positive for Disadvantage, Mobility and Disruption positive, while significant and negative for Heterogeneity and
Urbanisation. The results for spatial regimes follow those from the spatial ANOVA
presented above (table 11.5) in which Black is significant and positive while White
is significant and negative.
Regime-switching effects of the intercept-only model in equation (11.3) may be
extended to the independent variables. As a result, dummy variables affect slope as
well as intercept. Equation (11.4) defines an intercept-slope regime-switching model
for OLS.
y = αseg + Xβseg + ε

(11.4)

In such a model, classes in the categorical variable exert interaction effects on
independent variables, as well as revealing separate constant effects in the intercept.
However, an alternative is proposed for the intercept-slope model, in which main
effects (βX) are also specified. This is indicated in equation (11.5).
y = αseg + Xβseg + Xβ + ε
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Since both intercept-slope models include independent variables in the specification, the overall explanatory power is the same. However, equation (11.5) disaggregates treatment of independent variables such that interpretation of interaction
effects is relative to main effects. That is, the separate expressions of slope for each
class are relative to baseline slope. This is the preferred basis for understanding
the influences of segregation and, therefore, the extended form of equation (11.5) is
used. Results are presented in table 11.7.
Table 11.7: OLS intercept-slope regime-switching model for Violence
regressed on racial presence at 75% threshold: Interaction effects indicated
by “×”
Variable

Estimate

Std. Err.

(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.0032
0.2784***
-0.1550*
0.2681***
0.3418***
-0.2523***
0.5244***
-0.0730
-0.6534***
-0.1150
-0.2082—
-0.0476
0.0435
0.0663
0.1708—
-0.1003
-0.0344
0.1603—
-0.1179
-0.1105
-0.1767—
0.0491
0.1563—
-0.0896

0.0520
0.0440
0.0505
0.0389
0.0448
0.0308
0.1333
0.0919
0.1367
0.0612
0.0909
0.1018
0.1070
0.1186
0.0819
0.0526
0.0995
0.0622
0.0770
0.1132
0.0827
0.0522
0.0741
0.0567

t-value

P r(> |t|)

-0.062
6.330
-3.067
6.896
7.632
3.934
3.934
-0.793
-4.779
-1.878
-2.289
-0.468
0.406
0.559
2.085
-1.905
-0.346
2.577
-1.532
-0.976
-2.137
0.942
2.110
-1.579

0.9503
 0.0001
0.0022
 0.0001
 0.0001
 0.0001
 0.0001
0.4278
 0.0001
0.0607
0.0223
0.6398
0.6845
0.5761
0.0374
0.0571
0.7297
0.0102
0.1259
0.3294
0.0329
0.3465
0.0352
0.1148

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Results which do not include interaction terms mimic those of the interceptonly model (table 11.6) with respect to significance and signs. This is expected.
Additional terms are significant for Latino- and White-dominated areas31 . Results
suggest that in Latino-dominated tracts, Urbanisation has a positive association
with Violence, ceteris paribus, while Disadvantage has a negative association. This
31

All such statements are still made in the context that they are relative to the category “none”
as previously described.
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occurs within the context that Latino-dominated areas do not, of themselves, present
significant explanation of Violence. In White-dominated areas, which otherwise
suggest a negative relationship to Violence, Heterogeneity and Mobility indicate
positive associations with Violence, while Disruption indicates negative association.
Black-dominated tracts maintain significant positive association with Violence with
no additional modification via interaction terms in the model.
For the purposes of demonstration, figure 11.6 indicates effects relating to Disadvantage for the intercept-only model (left) and the intercept-slope model (right).

Figure 11.6: Effect plots for Disadvantage (racial presence at 75% threshold):
Intercept-only (left) and intercept-slope (right)
The effects plot for the intercept-only model indicates that while all areas exhibit
a positive association between Disadvantage and Violence, Black-dominated tracts
indicate levels of Violence which are higher than tracts with less than 75% racial
homogeneity, while White-dominated tracts indicate lower levels of Violence and
Latino-dominated tracts exhibit no additional effect32 . The inclusion of interaction
terms for β-parameters in the slope-intercept model suggests a number of points.
First, it is still evident that Disadvantage maintains a positive correlation with
Violence in all cases. Second, the effect appears to vary by spatial regime in that
slope is considerably different in most cases. Black- and White-dominated tracts
share similar slope (indicating that the interaction effect does not separate them),
but Latino-dominated tracts indicate that the effects of increased Disadvantage on
Violence are dampened in comparison. Finally, observations consider the reference
class of mixed areas (designated as “none”). As a methodological issue, its absence
relates to the “dummy variable trap”. This was selected as if casts the discussion in
32

As indicated in table 11.6, the constant for Latino-dominated tracts is close to zero. This is
insignificant with respect to tracts below the 75% threshold (i.e., the reference category of “none”)
and the lines therefore appear superimposed.
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terms of racially dominated areas with respect to those which are not. Confirming
results from table 11.7, it is apparent that Black-, Latino- and White-dominant
tracts all demonstrate negative slope relative to the reference slope (indicated for
“none”); this is exaggerated for Latino-dominant tracts33 .

11.6.5

Comparing models

This subsection considers four models with respect to their various treatments of
spatial regimes:
1. The base model, generated by OLS regression, where the independent variables are regressed on Violence – with spatial regimes excluded (table N.1);
2. The spatial regimes only model, generated by a spatial ANOVA, in which
spatial regimes are the sole regressors on Violence (table 11.5);
3. The intercept-only regime-switching model, in which spatial-regimes affect the
constant in extending the base mode (table 11.6); and
4. The intercept-slope regime-switching model, in which spatial regimes affect
both constant and slope in extending the base model (table 11.7).
A visual guide to these models is provided in figure 11.7. While the base (OLS) model
excludes spatial regimes, the results from a spatial ANOVA model spatial regimes
alone. The intercept-only model combines these two effects while the intercept-slope
model adds interaction effects to enable separate slopes to be calculated for each
spatial regime.
The question of immediate interest is whether the categorical variable for racial
dominance significantly improves model fit over the base model. In the course of
addressing this issue, all nested models are compared using ANOVA to test whether
simpler or more complex models provide best fit to the data. Results for these tests
are presented in table 11.8.
ANOVA tests compare residual sum of squares (RSS) in assessing fit and they
account for complexity in terms of the number of variables between tests on nested
models. The ANOVA tests in table 11.8 confirm that the spatial-switching interceptonly model has greater explanatory power than either the OLS or spatial regimes
models (tests 1 and 2). The addition of interaction effects improves the model
further still in accommodating for differences in slope (test 3).

33

The observation corresponds to results in table 11.7, which show negative results for all;
however, for Latino-dominated tracts alone (“Disadvantage × Latino”) that negative result is
statistically significant at α = 0.05.
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(a) Base Model
(OLS)

(b) Spatial regimes only
(Spatial ANOVA)

(c) Spatial-regime switching
(Intercept-only)

(d) Spatial-regime switching
(Intercept-slope)

Figure 11.7: Visual guide to spatial regime models: The base model excludes
spatial regimes for comparison; elsewhere, red, green and blue are used to indicate
three spatial regimes

Table 11.8: ANOVA results for OLS models using racial presence at 75%
threshold
Test
1

2

3

Models

RSS

df

SumSq

F

P r(> F )

Base model
Intercept-only

236.72
207.48

3

29.244

36.882

 0.0001

Spatial regimes only
Intercept-only

323.82
207.48

5

116.340

88.032

 0.0001

Intercept-only
Intercept-slope

207.48
195.28

15

12.201

3.207

 0.0001
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While the results thus far provide a basis for initial model selection, they do not
speak directly to the presence of structural instability. Therefore, regime-switching
models should be compared with the base model to specifically test for such. To
simplify the discussion, this is described for the intercept-slope regime-switching
model with two spatial regimes (described by equation 11.5). Testing whether or not
spatial regimes contribute to explaining the dependent variable in regime-switching
regression equates to testing whether or not coefficients are equal across regimes.
The null hypothesis of such a test is H0 : α1 = α2 and β1 = β2 . In econometrics,
the Chow test (Chow, 1960) is typically used for this purpose34 . The Chow test35 is
given by

C=

(RSSp − (RSS1 + RSS2 ))/K
∼ F (K, N1 + N2 − 2K)
(RSS1 + RSS2 )/(N1 + N2 + 2K)

(11.6)

where
 C is the Chow test statistic;
 Subscripts 1, 2 and p represent regression equations for sub-group 1, sub-

group 2 or the pooled (combined) regressions, respectively;
 RSS is the residual sum of squares;
 N is the number of observations; and
 K is the total number of parameters.

Table 11.9 summarises results36 .

Table 11.9: Non-spatial Chow tests using racial presence at 75% threshold
against constrained (base) model
Unconstrained model
Intercept only
Intercept and slope

34

Statistic

p-value

18.3704
27.6618

 0.0001
 0.0001

Clearly, for the simpler intercept-only case as represented by equation (11.3) the null hypothesis is reduced to H0 : α1 = α2 .
35
R listings for Chow tests are provided in appendix R, copied verbatim from Anselin (2007).
36
Note that only two of the four models estimated previously are included. The base model is
excluded as it is the point of reference. The regime-only model is excluded as it is not nested with
respect to the reference (base) model. The base model is also known as the “constrained” model
on the basis that model coefficients are constrained (not allowed to vary) across spatial regimes
(Anselin, 2007) – that is, regimes are unrecognised.
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Results are highly significant for both models, suggestive of non-constant coefficients across spatial regimes. Therefore, structural instability appears evident.
However, the traditional Chow test of equation (11.6) is invalid in the presence of
spatially autocorrelated residuals. To assess this, Moran’s I tests are reported in
table 11.10.
Table 11.10: Moran’s I test of residuals:
racial presence for spatial regimes using 75% threshold
Model
Base model
Spatial regimes only
Spatial regimes: Intercept-only
Spatial regimes: Intercept-slope

Statistic

p-value

0.2412
0.3199
0.2322
0.2276

 0.0001
 0.0001
 0.0001
 0.0001

Results indicate that no model fully accounts for spatial autocorrelation. This
has two important implications. The first is that the traditional Chow test (table 11.9) may be compromised due to the finite nature of samples in the F -test
(Anselin, 1988b). The second is that it motivates the selection of a spatial model
which accounts for spatial autocorrelation in the residuals. This invokes prior discussion regarding the disambiguation of “spatiality”. While regime-switching models
clearly incorporate a “spatial” element in the identification of spatial regimes, the
models presented above are extensions of OLS and methodologically aspatial. However, the presence of spatial autocorrelation in the residuals suggests a richer form
of spatial interaction – as discussed in chapter 6. This motivates the exploration of
regression models with spatially treated components (chapter 7). The selection of
a spatial model then allows a spatial adaptation of the Chow test to determine the
veracity of results of the traditional Chow test (table 11.9).
Therefore, the next phase in proceedings is to engage the model selection process
from chapter 7, except using the intercept-slope regime-switching model rather than
the base (OLS) model described therein.

11.6.6

Model selection

Lagrange Multiplier (LM) tests are performed for the estimated slope-intercept
model and reported in table 11.11.
No significant differences are observed between ρ and λ using LM tests, so robust
variants (RLM) are employed. These also fail to detect significant differences; that is,
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Table 11.11: Lagrange Multiplier test results (df = 1): Regime-switching
slope-intercept model
Test
LMρ
LMλ
RLMρ
RLMλ

Statistic

p-value

147.860
127.490
39.187
18.822

 0.0001
 0.0001
 0.0001
 0.0001

the null hypotheses that H0 : ρ = 0 and H0 : λ = 0 fail to be rejected37 . In response,
an SLX model is estimated (in accordance with Step 1(b), page 148) and a postregression Likelihood Ratio (LRγ ) test is conducted (Step 1(d), page 148) against the
null hypothesis that H0 : γ = 0. The results (χ2 (19) = −228.83, p  0.0001) lead to
rejection of the null hypothesis – suggesting the unconstrained (SLX) model is preferred over the constrained (OLS) one. Finally, a Spatial Durbin model is estimated
in response (Step 1(f), page 149), in order to test the null hypothesis of H0 : ρ = 0.
The results of the Likelihood Ratio test (LRρ : χ2 (7) = −101.170, p  0.0001) lead
to a rejection of the null hypothesis. As a result, the SLX model is rejected and
SDM is selected as the preferred model. This is defined in equation (11.7).
y = αseg + ρW y + Xβseg + Xβ + W Xγseg + W Xγ + ε

(11.7)

Note that spatially treated independent (γ-coefficient) variables are specified
as both main effects and interaction effects for the reasons given for aspatial (βcoefficient) independent variables. However, the spatially treated dependent component (ρW y) – which is a scalar with global effects – is not switchable within the
model specification.
Diagnostics for selected model are compared with those from OLS in table 11.12.
All “goodness-of-fit” diagnostics reveal improved outcomes for SDM over OLS.
Koenker-Bassett tests indicate heteroscedasticity for both models. Robust JarqueBera tests reveal non-normality in residuals, a result seen in all previous models.
Additionally, the selected model addresses the issue of spatial autocorrelation in
the residuals evident in the base (OLS) model; a Lagrange Multiplier test for SDM
(LMSDM = 0.7156, p = 0.3785) confirms the absence of spatial autocorrelation.
37

These results fail to establish a dominating influence of either coefficient. Using the model
selection approach of Anselin (1988b) – as outlined in subsection 7.2.3 – this outcome would be
interpreted as ρ = λ = 0. Accordingly, OLS would be selected as the preferred model. This
would suggest structural similarity, in which spatial variation may be accounted for by model
variables. For example, spatial regimes might sufficiently explain observations without the need
for models with spatially treated components. However, adopting the selection method of Elhorst
(2010a), alternative possibilities arise via a selection pathway using SLX as the next model under
consideration. This raises the possibility of OLS, SLX or SDM being elected as the preferred
model, rather than compelling a selection of OLS. The possibility that ρ 6= 0 despite findings in
the LM tests is briefly explained in Step 1(f) of the selection process (page 149).
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Table 11.12: Model diagnostics for threshold of 75% racial presence (OLS
and SDM): Intercept-slope models
Test
Log Likelihood
AIC
BIC
R̄2
Koenker-Bassett
Robust Jarque-Bera

OLS

SDM

-590.53
1227.06
1334.63
0.7405
64.16
5127.80

-425.53
949.05
1178.23
0.8277
177.19
1377.40

(21,  0.0001)
(2,  0.0001)

(46,  0.0001)
(2,  0.0001)

Entries in parentheses indicate (df , p-value)

Finally, a test is conducted on constancy of coefficients across spatial regimes in
the selected model. This tests for spatial instability. As described previously, finite
samples associated with the F -test make the Chow test unsuitable for situations in
which spatial dependence exists – such as spatial autocorrelation in the residuals
(established for OLS in table 11.10) or spatially treated components included in
the model (as present in SDM). A spatial version of the Chow test is therefore
applied using the approach established by Anselin (1988b, p.124) and replicated
in R (appendix R). Results of the spatial Chow test (C = 90.055, p  0.0001)
offer strong support for the presence of structural instability and, therefore, the
appropriateness of the regime-switching variation to the Spatial Durbin model. This
is, therefore, selected as the preferred model.

11.6.7

Results

Effect plots (Fox & Weisberg, 2019) provide a visual summary of model results.
Figure 11.8 includes effect plots for all independent variables in the SDM interceptslope model (including the categorical variable) with 95% confidence interval bands
as appropriate.
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Figure 11.8: Effect plots including 95% confidence interval bands (racial presence
at 75% threshold): (top-left to bottom-right) Disadvantage, Heterogeneity,
Mobility, Disruption, Urbanisation, and racial presence alone
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Plotting of the categorical variable alone (bottom-right) confirms previous results of significant positive association with Violence for Black-dominated areas and
significant negative association for White-dominated areas, relative to the category
“none”. Latino-dominated tracts approximate those where no dominant racial presence is evident.
The situation for Disadvantage mimics that for the OLS intercept-slope model
presented in figure 11.6. For all four groups there is an increase of violence with
increasing disadvantage with overall violence in the cohort of Whites being least as a
function of disadvantage, and highest in the cohort of Black. The marginal increase
in violence with disadvantage is similar for Whites and none. For Latino there is
relatively less dependence on Disadvantage.
For both Mobility and Disruption there is also an increase in violence with an
increase in either of the variables. In the case of Mobility, White-dominant tracts
indicate increased slope.
In the case of Heterogeneity, White displays negligible dependence of Violence on
Heterogeneity, while for others Heterogeneity decreases Violence. Confidence bands
for Black increase in width with increasing Heterogeneity, making the relationship
less clear.
For increasing Urbanisation, all classes appear to indicate decreased Violence.
In all cases, the level of Violence is greatest for Black and lowest for White.
Latino-dominant and mixed tracts typically lie between the two groups and for
Heterogeneity, Mobility and Disruption they display similar slope.
Model coefficients are presented in table 11.13, HC-corrected in response to heteroscedasticity. Impact measures follow.
Of note is the similarity of results for β-coefficients in table 11.13 to those for
the base (OLS) model (table 11.7). Additionally, as anticipated, ρ remains highly
significant and positive.
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Table 11.13: SDM coefficients for spatial regimes model (robust):
75% threshold of racial presence (results relative to categorical variable “none”)
Variable

Estimate

Std. Err.

z-value

P r(< |z|)

(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White
ρ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation
γ-Black
γ-Latino
γ-White
γ-(Disadvantage × Black)
γ-(Disadvantage × Latino)
γ-(Disadvantage × White)
γ-(Heterogeneity × Black)
γ-(Heterogeneity × Latino)
γ-(Heterogeneity × White)
γ-(Mobility × Black)
γ-(Mobility × Latino)
γ-(Mobility × White)
γ-(Disruption × Black)
γ-(Disruption × Latino)
γ-(Disruption × White)
γ-(Urbanisation × Black)
γ-(Urbanisation × Latino)
γ-(Urbanisation × White)

0.0932
0.1919**
-0.1240—
0.1365*
0.2316***
-0.3139***
0.3609—
-0.0835
-0.4276—
-0.0864
-0.1497—
-0.1368
0.0430
0.0402
0.0228
-0.0303
-0.0161
0.0369
-0.0647
-0.0657
-0.1261
0.0131
0.1241*
-0.1316
0.4356***
-0.1008
0.0330
-0.0345
0.1638
0.2167**
-0.4890
-0.1186
0.5908
0.1835
0.3978—
0.7455*
0.0868
0.1335
0.0349
-0.0464
0.2501
0.3293
0.1676
0.1331
-0.0115
0.0610
0.1470
0.1035

0.0980
0.0515
0.0615
0.0489
0.0447
0.0401
0.1653
0.0896
0.1896
0.0609
0.0625
0.1473
0.1331
0.0933
0.0980
0.0555
0.0625
0.0719
0.0732
0.0614
0.0878
0.0582
0.0465
0.0906
0.0454
0.1170
0.0910
0.0719
0.0899
0.0586
0.2554
0.1952
0.3802
0.1318
0.1975
0.2807
0.1914
0.1733
0.3072
0.0931
0.1393
0.1778
0.1486
0.1832
0.2038
0.0871
0.1142
0.1390

0.9515
3.7281
-2.0175
2.7907
5.1788
-7.8275
2.2826
-0.9330
-2.2549
-1.4201
-2.3994
-0.9281
0.3234
0.4306
0.2324
-0.5451
-0.2571
0.5142
-0.8845
-1.0711
-1.4359
0.2255
2.6641
-1.4528
9.5829
-0.8617
0.3630
-0.4804
1.8226
3.6964
-1.9146
-0.6073
1.5537
1.3919
2.0137
2.6561
0.4533
0.7606
0.1137
-0.4983
1.7941
1.8515
1.1217
0.7264
-0.0564
0.7008
1.2872
0.7441

0.3413
0.0002
0.0436
0.0053
 0.0001
 0.0001
0.0291
0.3508
0.0241
0.1556
0.0166
0.3534
0.7464
0.6668
0.8162
0.5857
0.5857
0.6071
0.3764
0.2841
0.1510
0.8216
0.0077
0.1463
 0.0001
0.3888
0.6166
0.6309
0.0684
0.0002
0.0555
0.5436
0.1203
0.1639
0.0440
0.0079
0.6503
0.4409
0.9095
0.6183
0.0727
0.0641
0.2595
0.4676
0.9550
0.4834
0.1980
0.4568

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Mean impact measures are reported for total, direct and indirect effects in separate tables 11.14 to 11.16.

Table 11.14: Mean impact measures (MCMC, n = 2, 000):
75% threshold of racial presence
Part 1: Total measures (results relative to categorical variable “none”)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Total

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

0.1613
-0.1612
0.1806
0.7005***
-0.1722
-0.2270
-0.3581
0.2891
0.1720
0.4395
1.0785*
0.2300
0.3077
0.1022
-0.1358
0.4147
0.6490**
0.1822
0.1193
-0.2437
0.1314
0.4804
-0.0499

0.1639
0.1388
0.1042
0.1443
0.0918
0.4915
0.3192
0.5333
0.2090
0.3954
0.4104
0.3318
0.3396
0.2483
0.1432
0.3642
0.1963
0.2962
0.4405
0.3118
0.1626
0.2726
0.1824

1.0129
-1.1823
1.7830
4.8527
-1.9073
-0.5375
-1.1364
0.5237
0.7921
1.1141
2.6056
0.6830
0.9254
0.4423
-0.9708
1.1112
3.2916
0.5959
0.2732
-0.7838
0.8085
1.7761
-0.2620

0.3111
0.2371
0.0746
 0.0001
0.0565
0.5909
0.2557
0.6005
0.4283
0.2652
0.0092
0.4946
0.3547
0.6582
0.3317
0.2665
0.0009
0.5513
0.7847
0.4332
0.4188
0.0757
0.7933

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Mean total effects indicate that Disruption is highly significant and positive.
As evident in prior results, it is also the covariate with strongest effect. The only
additional significant total impacts are associated with interaction terms involving
White-dominant areas – Disadvantage and Mobility, both of which are positive.
Thus, in the presence of race-based structural instability, increases in either of these
variables in White-dominated areas results in elevated levels of Violence, ceteris
paribus.
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Table 11.15: Mean impact measures (MCMC, n = 2, 000):
75% threshold of racial presence
Part 2: Direct measures (results relative to categorical variable “none”)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

0.1904***
-0.1258—
0.1386**
0.2545***
-0.3070***
0.3322*
-0.0970
-0.4925*
-0.0738
-0.1209
-0.0772
0.0522
0.0533
0.0267
-0.0354
0.0050
0.0669
-0.0526
-0.0567
-0.1318
0.0189
0.1416—
-0.1276—

0.0394
0.0520
0.0396
0.0394
0.0275
0.1231
0.0949
0.1305
0.0531
0.0811
0.0907
0.0947
0.1112
0.0788
0.0509
0.0860
0.0565
0.0678
0.0986
0.0749
0.0465
0.0640
0.0512

4.8479
-2.4122
3.4995
6.4321
-11.1592
2.7054
-1.0205
-3.0148
-1.4231
-1.5421
-0.8762
0.5533
0.5100
0.3293
-0.6969
0.0750
1.1533
-0.7741
-0.5565
-1.7675
0.4020
2.1971
-2.4970

 0.0001
0.0159
0.0004
 0.0001
 0.0001
0.0068
0.3074
0.0026
0.1547
0.1275
0.3809
0.5800
0.6136
0.7419
0.4858
0.9402
0.2488
0.4389
0.5779
0.0771
0.6877
0.0280
0.0125

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Mean direct impact measures (table 11.15) reflect previous results (specifically,
β-coefficient estimates unaffected by interaction terms in table 11.13 and coefficients from the initial Spatial Durbin model reported in table 9.6). That is, all five
structural variables are significant, with Heterogeneity and Urbanisation displaying negative signs – contrary to expectations derived from SDT. Black-dominated
tracts explain higher rates of Violence and White-dominated areas lower rates, ceteris paribus. The direct impacts of Urbanisation also exhibit significant effect, but
are dependent on spatial regime. In Latino-dominated areas the correspondence to
Violence is positive, whereas in White-dominated areas it is negative.
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Table 11.16: Mean impact measures (MCMC, n = 2, 000):
75% threshold of racial presence
Part 3: Indirect measures (results relative to categorical variable “none”)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Indirect

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.0291
-0.0354
0.0420
0.4459**
0.1348
-0.5591
-0.2611
0.6816
0.2458
0.5604
1.1558*
0.1778
0.2545
0.0755
-0.1004
0.4097
0.5821*
0.2349
0.1760
-0.1119
0.1125
0.3388
0.0777

0.1490
0.1339
0.0990
0.1339
0.0844
0.3908
0.2966
0.4765
0.1901
0.3546
0.3669
0.3036
0.3281
0.2359
0.1377
0.3438
0.1843
0.2673
0.3922
0.2735
0.1518
0.2409
0.1622

-0.2846
-0.2846
0.4772
3.3377
1.5609
-1.5375
-0.8967
1.4119
1.2684
1.5907
3.1305
0.5737
0.7868
0.3557
-0.7524
1.1585
3.1517
0.8567
0.4466
-0.4097
0.7429
1.4258
0.4945

0.8657
0.7759
0.6332
0.0008
0.1185
0.1529
0.3699
0.1580
0.2046
0.1117
0.0017
0.5661
0.4314
0.7220
0.4518
0.2466
0.0016
0.3916
0.6551
0.6820
0.4576
0.1539
0.6209

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Mean indirect effects (table 11.16) reflect those of total mean effects, both in
terms of significance and signs. Thus, in terms of extra-local impacts, the influences
of note are Disruption generally and the effects of Disadvantage and Mobility within
White-dominated areas.
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Partitioned impact measures are reported for direct, indirect and total effects in
tables 11.17 to 11.19. Partitioned direct impacts are reported in table 11.17.

Table 11.17: Partitioned mean impact measures (MCMC, n = 2, 000):
75% threshold of racial presence
Part 1: Direct measures (results relative to categorical variable “none”
Orders of neighbourhood (0-4)
W1
W2
W3
W4

Effect

Variable

W0

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

0.1919***
-0.1240—
0.1365**
0.2316***
-0.3139***
0.3609*
-0.0836
-0.4276**
-0.0864
-0.1397
-0.1367
0.0430
0.0402
0.0228
-0.0303
-0.0161
0.0369
-0.0647
-0.0657
-0.1261
0.0131
0.1241—
-0.1316*

-0.0068
0.0022
-0.0023
0.0111
0.0146**
-0.0330
-0.0080
0.0399—
0.0124
0.0268
0.0503**
0.0059
0.0090
0.0034
-0.0031
0.0169
0.0222*
0.0113
0.0090
-0.0008
0.0041
0.0100
0.0069

0.0045*
-0.0033*
0.0036*
0.0086***
-0.0069***
0.0053
-0.0037
-0.0062
-0.0006
-0.0001
0.0040
0.0022
0.0026
0.0010
-0.0014
0.0022
0.0046—
-0.0001
-0.0005
-0.0038
0.0010
0.0052
-0.0027

0.0003
-0.0004
0.0004
0.0020*
-0.0002
-0.0011
-0.0011
0.0014
0.0006
0.0016
0.0036—
0.0007
0.0009
0.0003
-0.0004
0.0013
0.0020—
0.0006
0.0004
-0.0006
0.0004
0.0014
-0.0000

0.0003
-0.0002
0.0002
0.0008—
-0.0004—
0.0000
-0.0004
-0.0000
0.0001
0.0003
0.0009
0.0002
0.0003
0.0001
-0.0001
0.0004
0.0006—
0.0001
0.0000
-0.0003
0.0001
0.0006
-0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

Mean direct partitioned impacts in the local area, W0 , reflect mean direct impact measures (table 11.15) with identical signs and significance. They also display
similar magnitude, with rapid attenuation over increasing orders of neighbourhood.
The exception is “White × Mobility” which exhibits complex direct spatial richness
affecting interactions between White-dominated tracts and Mobility. This is evident in significant direct effects arising from immediate neighbours – an expected
“zero-entry” slot discussed in subsection 9.2.6 – and reinforced by multiple orders of
neighbourhood over which significance is maintained. Additionally five SDT-derived
structural variables indicate at least one feedback traversal arising from their effect
in the local area, with Disruption and Urbanisation demonstrating more complex
patterns of feedback.
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Partitioned indirect effects are presented in table 11.18.

Table 11.18: Partitioned mean impact measures (MCMC, n = 2, 000):
75% threshold of racial presence
Part 2: Indirect measures (results relative to categorical variable “none”
Orders of neighbourhood (0-4)
W1
W2
W3
W4

Effect

Variable

W0

Indirect

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.1008
0.0330
-0.0345
0.1638
0.2167***
-0.4890—
-0.1186
0.5908—
0.1935
0.3978
0.7455**
0.0868
0.1335
0,0348
-0.0464
0.2501
0.3293*
0.1676
0.1331
-0.0115
0.0611
0.1470
0.1035

0.0465
-0.0419
0.0467—
0.1612***
-0.0570*
-0.0228
-0.0800
0.0312
0.0299
0.0812
0.2148—
0.0507
0.0666
0.0228
-0.0303
0.0851
0.1373*
0.0335
0.0203
-0.0591
0.0282
0.1082
-0.0192

0.0127
-0.0140
0.0157
0.0664**
-0.0115
-0.0297
-0.0346
0.0372
0.0190
0.0472
0.1115—
0.0224
0.0303
0.0099
-0.0132
0.0422
0.0649*
0.0196
0.0132
-0.0223
0.0130
0.0462
-0.0026

0.0072
-0.0071
0.0080
0.0307*
-0.0078
-0.0094
-0.0156
0.0121
0.0074
0.0189
0.0467—
0.0100
0.0134
0.0045
-0.0059
0.0180
0.0282—
0.0078
0.0051
-0.0107
0.0057
0.0210
-0.0023

0.0030
-0.0030
0.0034
0.0134—
-0.0031
-0.0047
-0.0069
0.0059
0.0034
0.0086
0.0210
0.0044
0.0059
0.0020
-0.0026
0.0080
0.0125—
0.0036
0.0024
-0.0046
0.0025
0.0092
-0.0009

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

Indirect impacts reported in table 11.16 are significant for three effects (all positive): Disruption generally plus Disadvantage and Mobility in White-dominant areas. Partitioning these effects (table 11.18) reveals spatial patterns of interaction
arising from extra-local sources which extend to multiple orders of neighbourhood.
Signs remain consistently positive during such interaction. Mobility also indicates
significant positive impact from immediate neighbours (W1 ).
Additionally, direct impact measures which show significant effects for Black- and
White-dominated regimes (tables 11.15 and 11.17) are represented here by contrary
signs for indirect effects and – with entries in W0 slots – indicate complex cumulative
indirect spatial relationships extending from immediate neighbours (W1 ).
Finally, Urbanisation also indicates significant complex spatial effects.
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Table 11.19 presents partitioned total impact measures.

Table 11.19: Partitioned mean impact measures (MCMC, n = 2, 000): 75% threshold
of racial presence
Part 3: Total measures (results relative to categorical variable “none”
Orders of neighbourhood (0-4)
W1
W2
W3
W4

Effect

Variable

W0

Total

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

0.0911
-0.0910
0.1020
0.3954***
-0.0972
-0.1281
-0.2021
0.1632
0.0871
0.2481
0.6087*
0.1298
0.1737
0.0577
-0.0767
0.2341
0.3663**
0.0128
0.0635
-0.1375
0.0742
0.2711
-0.0282

0.0397
-0.0396
0.0444
0.1722***
-0.0423
-0.0558
-0.0880
0.0711
0.0423
0.1081
0.2652*
0.0565
0.0756
0.0251
-0.0334
0.1020
0.1595*
0.0448
0.0283
-0.0599
0.0323
0.1181
-0.0123

0.0173
-0.0173
0.0193
0.0750**
-0.0184
-0.0243
-0.0383
0.0310
0.0184
0.0471
0.1155—
0.0246
0.0329
0.0109
-0.0145
0.0444
0.0695*
0.0195
0.0128
-0.0261
0.0141
0.0514
-0.0053

0.0075
-0.0075
0.0084
0.0327*
-0.0080
-0.0106
-0.0167
0.0135
0.0080
0.0205
0.0503—
0.0107
0.0143
0.0048
-0.0064
0.0193
0.0303—
0.0085
0.0056
-0.0114
0.0061
0.0224
-0.0023

0.0033
-0.0033
0.0037
0.0142—
-0.0035
-0.0046
-0.0073
0.0059
0.0035
0.0089
0.0219
0.0047
0.0062
0.0021
-0.0028
0.0084
0.0132—
0.0037
0.0024
-0.0049
0.0027
0.0098
-0.0010

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05

Total partitioned impacts (table 11.19) resolve some complexities in alternate
signs to produce a result with three significant mean effects across multiple orders of
neighbourhood, with consistently positive signs. This occurs for Disruption generally
plus Disadvantage and Mobility for White-dominated tracts.
Finally, plots are presented for the selected model with comparison plots for
Violence in figure 11.9. These are similar to already-compelling visual results for
the base Spatial Durbin Model in figure 8.3.
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Figure 11.9 has been removed from this version of the Thesis.

Figure 11.9: Spatial Durbin Model (SDM) plots for Chicago using spatial
regimes for racial presence at 75% (top-to-bottom, left-to-right): Choropleth of
SDM fitted values, residuals, LISA plot of SDM fitted values
(I = 0.8265, p  0.0001), significance plot, and – for comparison – choropleth and
LISA plots of Violence (I = 0.7033, p  0.0001)
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Summary

Structural instability is explored in the Chicago study, using racially homogeneous
areas to define spatial regimes. Relative to areas that do not indicate racial homogeneity at a 75% threshold, results consistently suggest that areas with Blackdominant population have higher levels of Violence while areas with White-dominant
population demonstrate reduced levels of Violence; Latino-dominant tracts do not
significantly differ from mixed areas (designated as “none”). The inclusion of this
factor demonstrates improved “goodness of fit” which is unlikely to arise from random spatial variation. Therefore, it is important to consider racial homogeneity at
the census tract level in modelling Violence in Chicago.
“Switching” approaches to regression respond to the presence of structural instability by permitting regression parameters to vary between different spatial regimes.
In the initial instance, a full specification adaptation of OLS is revealed as the
preferred model in response to structural instability. That is, both intercept and
slope are engaged in regime-switching. While the inclusion of homogeneous areas
results in model improvement in OLS-based regime-switching, spatial dependence is
evident in residual spatial autocorrelation. Thus, a spatial alternative to the OLSbased intercept-slope spatial-regime switching model is sought. This results in the
selection of the Spatial Durbin Model as a basis for implementing regime-switching.
Diagnostics for the selected model improve on those for OLS and no significant spatial autocorrelation is observed in the residuals. Additionally, a spatial Chow test
rejects the null hypothesis of structural stability. Therefore, despite strong results
for the SDM model derived in chapter 8, recognition of structural instability delivers increased explanatory power. This is evident in the similarity between plots for
both models (figures 8.3 and 11.9). Despite strong diagnostics, the previous model
masked the presence of significant influence imposed by structural instability38 .
Thus, the Spatial Durbin variant of a spatial regime-switching slope-intercept
model is selected. The principal outcomes of this decision are as follows (with
comparisons made to the results presented in chapter 9).
As a scalar, the spatially treated dependent variable does not participate in the
regime-switching process. As expected, it persists in being significant and positive,
suggesting a spatial relationship for Violence between neighbours, as previously
described.
Direct impacts for SDT-derived covariates are unchanged39 . That is, in the
model all have statistically significant parameters – with Disadvantage, Mobility and
Disruption positive while Heterogeneity and Urbanisation are negative. In the initial
38

That is, the results obtained in this chapter may be of less interest to predictive modelling
strategies, but in the context of exploratory and explanatory motivations suggest a result with
important ramifications for theory.
39
Compare table 11.15 (page 243) with table 9.7 (page 193).
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model, partitioned impacts for these variables span all orders of neighbourhood.
With the exception of Disruption and Urbanisation, this no longer applies in the
regime-switching model with Disadvantage, Heterogeneity and Mobility indicating
only a single feedback loop with consistent signs40 .
Indirect impacts for SDT-derived covariates differ between models41 . Whereas
the previous model indicated significant positive effects for all five covariates, this
only remains for Disruption in the regime-switching model. This is matched by
partitioned indirect effects in which Disruption remains significant and positive for all
orders of neighbourhood, with Mobility and Urbanisation also indicating significant
indirect effects on partitioning42 .
Total impacts for SDT-derived covariates also differ between models43 . The previous model indicated significant positive effects for Disadvantage, Mobility and Disruption, whereas the revised model is significant and positive for Disruption alone.
Due to the effect of contrary signs between direct and indirect effects, partitioned
total impacts in the original model are insignificant and positive for all orders of
neighbourhood for Disadvantage, Mobility and Disruption; however, model coefficients for Heterogeneity and Urbanisation consistently fail to be significant. In the
revised model only Disruption is significant (and positive) for all orders of neighbourhood44 .
The second part of the discussion considers variables new to the revised model,
namely those representing dominant racial presence in the categorical variable.
For mean impact measures, different outcomes with respect to Violence for spatial regimes are only evident in direct impacts (table 11.15): model coefficients for
“Black” are significant and positive, while for “White” they are significant and negative, and for “Latino” fail to be significant. This is explained in partitioned impact
tables which confirm direct effects but also reveal indirect effects with opposing
signs, rendering total effects statistically insignificant. Since indirect effects are indicated to occur in the local area, this suggests complex spatial relationships over
multiple orders of magnitude, despite their neutralising effects on direct impacts.
The final part of the discussion summarises interaction effects between the categorical variable representing spatial regimes and SDT-derived variables. Bearing in
mind the significant effects for Black-dominant and White-dominant areas, no additional effects appear significant for Black-dominated tracts via interaction with other
covariates. For Latino-dominated tracts, a significant positive direct effect occurs
in the interaction with Urbanisation. Partitioned effects reveal that this is confined
to the local area indicated by W0 . Finally, White-dominated tracts exhibit three
significant interaction effects. First is a reverse direct effect to that indicated for Ur40
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banisation by Latino-dominant tracts. As for “Latino”, this effect for ‘White” is not
evident in total impacts. Additionally, White-dominant tracts indicate significant
positive effects for Disadvantage and Mobility, evident in indirect and total effects;
these are revealed to extend over multiple orders of neighbourhood in partitioned
impact tables.
Overall, this study indicates that racially homogeneous regions within the Chicago
case study contribute an understanding of the spatial relationship between other independent variables and Violence. In this respect, the selected model makes two
additional contributions to prior modelling. The first is an intercept effect in which
Black- and White-dominated tracts experience significantly different levels of Violence. The second is a slope effect in which dominant racial presence bears influence
upon SDT-derived variables. One example is the different results for the presence of
increasing Urbanisation in the immediate area, which for White-dominated tracts
suggests attenuating effects on Violence while for Latino-dominated tracts suggests
the opposite. These effects occur in the context of that Urbanisation generally indicates a negative direct effect on Violence. Additionally, White-dominated tracts
experience strengthened effects on Violence arising from extra-local increases in Disadvantage and Mobility.
Such outcomes suggest that where assumptions of structural stability are potentially invalid, theoretical interpretation of the relationship between independent
and dependent variables may be informed by inclusion of an additional variable that
accounts for structural instability. In the case of Chicago, it appears that racial homogeneity holds ramifications for theory on these grounds, and will be discussed
further in chapter 12.
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Two chapters are used to address the results presented in the thesis.

 Chapter 12 provides additional interpretation of the results and considers

implications for criminological theory.
 Chapter 13 concludes the body of the thesis and summarises the work de-

scribed.
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12
Implications for theory

The nature of data-driven, explanatory/exploratory research is that much of the
commentary is necessarily reserved as a response to research, rather than in anticipation of it. That is, the value of research outcomes lies less in the answers provided
to initiating questions (hypotheses) and more in the capacity to generate further
lines of enquiry. This chapter serves that purpose, and brings research results from
Parts III and IV of the thesis into a theoretical context. It addresses the following
issues:
 Notes on model selection;
 Notes on causality;
 Observations of support for SDT;
 The challenge of spatial complexity;
 The challenge of mediation effects; and
 The challenge of structural instability.

The first two (“notes”) sections are reflective components addressing issues arising in
the course of the research. The following section reviews outcomes in terms of their
potential support for Social Disorganisation Theory (SDT). The final three sections
(“challenges”) pose questions for SDT and draw upon wider theoretical context.
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Notes on model selection

Spatial econometric modelling has been the methodological cornerstone of the work
presented in parts III and IV of the thesis. Clearly, confidence in the model selection
process is fundamental to interpretation of the results. However, before presenting
an appraisal of the model selection method, a brief consideration of theory-based
selection is included. This may be a preferred option where criminological theory
provides the basis for anticipating spatial effects in the observables, unobservables
and outcomes (Cook et al., 2015). Three brief comments on direct selection are
warranted. The first is that specification tests – such as Lagrange Multiplier tests –
should still be conducted (Wimpy et al., 2019). The second is that model side-effects
– of the type described in section 9.2 – should be considered as part of selection criteria. For example, does theory accommodate model-specific issues such as indirect
impacts or global versus local effects? The third is that some consideration might
be directed to alternative spatial regression models to those of spatial econometrics
– such as Geographic Weighted Regression (Brunsdon et al., 2002) or the Conditional Autoregressive Model (Cressie, 1993), amongst many. This argument might
reasonably be extended to alternative paradigms in spatial modelling – such as geostatistics (which has an extremely limited – but promising – profile in criminology;
e.g., Kerry et al., 2010).
Instead, the exploratory orientation of the research favours a data-driven basis
for model selection over theory-led. That is, an algorithmic approach is adopted in
preference to direct selection. The model selection process used is that of Elhorst
(2010a), represented algorithmically in section 7.2, together with additional diagnostics summarised in section 7.3. Leading to an appraisal of the selection process,
a summary of algorithm traversal is presented across the four modelling scenarios
arising during the course of the research (figures 12.1 to 12.3)1 .

1

Each figure is based on a reproduction of model selection diagrams presented in chapter 7
(figures 7.4 and 7.5). However, in this context the purpose is not to revisit technical content but to
visually indicate procedural aspects of the selection algorithm for each study. Ghosting is applied
to indicate models not estimated and tests not performed on each run. In the case of OLS and
SDM models – which are repeated across sub-figures, only that which is immediately relevant to
the selection procedure is indicated for clarity.
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In the Sydney case study (reported in chapter 8), SDM was selected. The decision process is represented in figure 12.1. This was based on post-OLS Lagrange
Multiplier tests leading to the estimation of a Spatial Durbin Model which was
selected after testing against SAR as the constrained alternative.

OLS
y = Xβ + ε

OLS
y = Xβ + ε
γ=0

ρ=λ=0
SAR
y = ρW y + Xβ + ε

SLX
y = Xβ + W Xγ + ε
γ 6= 0

LMρ
LMλ

SEM
y = Xβ + u
u = λW u + ε

ρ=0

SDM
y = ρW y + Xβ + W Xγ + ε

γ=0
ρ 6= 0, λ = 0

SDM
y = ρW y + Xβ + W Xγ + ε

γ + ρβ = 0
ρ = 0, λ 6= 0

Figure 12.1: Model selection pathway for Sydney (from figures 7.4 (left) and 7.5
(right)): Shaded node = selected model; Heavily outlined nodes = estimated
models; Emphasised arrows = selection pathway traversal
Figure 12.2 summarises decisions implemented by the algorithm for Chicago case
studies – common to the initial selection (chapter 8) and that derived in response to
structural instability (chapter 11). Despite also selecting SDM, the procedural path
is completely different to that reported for Sydney. Post-OLS Lagrange Multiplier
tests failed to reject the null hypothesis that H0 : ρ = γ = 0, requiring estimation of
the SLX model. Testing the constrained model failed to select OLS and SDM was
estimated in response. Testing against SLX as the constrained model resulted in
SDM being selected.

OLS
y = Xβ + ε

OLS
y = Xβ + ε
γ=0

ρ=λ=0
SAR
y = ρW y + Xβ + ε

SLX
y = Xβ + W Xγ + ε
γ 6= 0
SDM
y = ρW y + Xβ + W Xγ + ε

LMρ
LMλ

SEM
y = Xβ + u
u = λW u + ε

ρ=0
γ=0
ρ 6= 0, λ = 0

SDM
y = ρW y + Xβ + W Xγ + ε

γ + ρβ = 0
ρ = 0, λ 6= 0

Figure 12.2: Model selection pathway for Chicago, both models (from figures 7.4
(left) and 7.5 (right)): Shaded node = selected model; Heavily outlined nodes =
estimated models; Emphasised arrows = selection pathway traversal
256

CHAPTER 12. IMPLICATIONS FOR THEORY

12.1. Model selection

Finally, figure 12.3 indicates decisions for the Sydney case study in which Disruption was considered a mediating variable. This resembles the previous Sydney
run (figure 12.1) except that when testing SDM against SAR as the constrained
model, the algorithm selects SAR.

OLS
y = Xβ + ε

OLS
y = Xβ + ε
γ=0

ρ=λ=0
SAR
y = ρW y + Xβ + ε

SLX
y = Xβ + W Xγ + ε
γ 6= 0
SDM
y = ρW y + Xβ + W Xγ + ε

LMρ
LMλ

SEM
y = Xβ + u
u = λW u + ε

ρ=0
γ=0
ρ 6= 0, λ = 0

SDM
y = ρW y + Xβ + W Xγ + ε

γ + ρβ = 0
ρ = 0, λ 6= 0

Figure 12.3: Model selection pathway for Sydney, mediation model (from figures
7.4 (left) and 7.5 (right)): Shaded node = selected model; Heavily outlined nodes
= estimated models; Emphasised arrows = selection pathway traversal
This demonstrates that – with the sole exception of SEM – all models in the
model suite are estimated in various traversals of the selection algorithm. The
estimated models address “systemic” spatial effects – those which directly affect
the dependent variable. Conversely, SEM represents spatial effects which enter the
model via the residuals and, accordingly, treats spatial dependence as a “nuisance”
(Ward & Gleditsch, 2018). The otherwise complete traversal of all decision points
in the algorithm lends some weight to the appraisal which follows.
In “goodness-of-fit” diagnostics the results for all selected models confirmed
model selection, with the exception of the initial Sydney model where Bayesian
Information Criterion test indicated better outcomes for SEM and SAR. Robust
Jarque-Bera tests indicated non-normal residuals for selected models, but this result
was shared by all alternative models so did not offer provide a basis for discrimination. Homoscedasticity was tested with the Koenker-Basset and White tests, both
resilient in response to non-normal residuals and the White test providing a stronger
general (non-linear) test. For the initial Sydney model (SDM) and the SAR model
representing Disruption as a mediating variable in Sydney, homoscedasticity was
observed in both tests. This was not the case in the initial Chicago model – where
both tests indicated heteroscedasticity – but this issue was resolved when structural
instability was accounted for (chapter 11). In the initial Chicago model both SAR
and SEM were found homoscedastic by the (linear) Koenker-Bassett test but all
models indicated heteroscedasticity with the more general White test. Moran’s I
tests suggested no residual spatial autocorrelation in any models. However, this was
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disputed in the case of the initial Sydney model by a Lagrange Multiplier result
that indicated the presence of spatial autocorrelation in the error term. This was
corrected in the mediation model. This brief summary strongly validates the model
selection process in so far as the following: were a “brute force” selection process
applied, in which all models in the suite were estimated and selection was then made
on the basis of best outcomes in the diagnostics, the same models would be selected
in each of the four scenarios. On this basis the model selection process is regarded
as validated by experiences in the research.
A final comment regarding the model selection method concerns those models
which are excluded from the selection suite but explored in an extended model
suite in chapter 8 – namely, SDEM, SAC and GNS. Certainly, alternative selection
processes which include these exist – such as estimating the most general model
(GNS) and testing against increasingly more specific models (Vega & Elhorst, 2015)2 .
In any case, the three additional models were estimated for both initial Sydney and
Chicago studies (appendix N) and compared with other models (in chapter 8). In
the Sydney case all additional models yielded anomalous results. This was less
evident for Chicago, with the exception of GNS. This provides support to the model
selection process in terms of the models it excludes, additional to the strong support
for its selection outcomes from within the model suite3 .

12.2

Notes on causality

There is an apparent conundrum associated with the interpretation of criminological
research. On the one hand, criminology arose as a discipline with a practical focus
on social problems. As such, it is theory-rich and etiological in nature – driven
by a need to speculate upon and test causality. On the other hand, the idea that
“correlation does not equal causation” is a fundamental principle well-understood
by social researchers (e.g., Mastrobuoni & Pinotti, 2014).
Causality may be considered in “nomothetic” or “idiographic” terms (DeCarlo
et al., 2020). The nomothetic explanation requires that variation in the independent
variable results in variation in the dependent, ceteris paribus, and lies at the heart of
the “conundrum” referred to above. Idiographic causality is more “complete” in the
2

It is also worth asking whether or not starting model selection from GNS, SAC or SDEM is
desirable. In the case of GNS there are implementation difficulties arising from its very generality,
namely the spatial treatment of all three components (Wimpy et al., 2019). As for those which
include spatial treatment of two components – SDEM, SAC and SDM – the first two include a
spatial error component which, for current purposes, was assessed as less important than applying
spatial treatment to dependent and independent components.
3
All models explored in the course of the research are what Anselin (2003) refers to as “simultaneous”, explaining a pattern in the dependent variable as a function of variables for all locations
derived simultaneously (see chapter 9 for discussion on this and other model characteristics). Alternative modelling paradigms exist, such as that of the Conditional Autoregressive Model, CAR
(Cressie, 1993), in which local values are conditional on values in neighbouring areas. Results for
CAR have been declared as often similar to SAR in practice (de Smith, 2015).
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sense that it follows a set of conditions from start to finish, presenting a narrative
account of how an end state derived from an initial one due to a series of events. Idiographic causality is more appropriate for deep individual or ethnographic accounts.
The focus of this discussion is on nomothetic causality, which is appropriate for research generalisation – and, therefore, theory testing – and well-suited to regression
methods.
Nomothetic explanation has three requirements for establishing causality (Shadish
et al., 2002)4 :
 Empirical variables should co-vary;
 One (the “cause”) should precede the other (the “effect”); and
 The relationship should be non-spurious.

The first of these requirements is a plausible relationship between variables. It
is a reminder that while correlation does not equate to causality, in nomothetic
explanations it is a necessary – but not sufficient – aspect of it. However, such
correlation is imperfect and causality is fundamentally probabilistic (Maxfield &
Babbie, 2015). Thus, causality is assessed in terms of the strength of correlation
and resultant likelihood of outcomes.
The second aspect of nomothetic causality is that the independent variable precedes its outcome in the dependent variable. In some criminological studies, this
criterion might be met. However, in the case of cross-sectional studies – which are
common in criminology and of which the current research is an example – this cannot be fully established. This introduces a couple of related issues. The first relates
to the counterfactual, which is the state of the dependent variable had there been no
variation in the independent variable. Since the variation to the independent variable has occurred then the counterfactual cannot be observed in social phenomena5 .
A related concept is that of reciprocity. As proposals for crime etiology, criminological theory typically employs unidirectional causal structures. This ignores reciprocal
relationships where crime influences other variables. Thornberry and Christenson
(1984) propose that reciprocal links of causality may not only be more realistic but
remain consistent with schools of criminological theory. Although under-represented
in research, reciprocal relationships between crime and structural variables in SDT
have been widely discussed (e.g., Bellair, 1997; Bursik, 1988; Bursik & Grasmick,
1993; Kornhauser, 1978; Miethe & Meier, 1994; Sampson & Groves, 1989; Warner
& Pierce, 1993). Thus, while crime may arise as a result of social disorganisation it
4

Idiographic causality is established by different criteria, primarily via issues of credibility and
relationships to rival hypotheses. See Maxwell (2005) for details.
5
By extension, this also poses a problem for use of the term “ceteris paribus” since the capacity
to hold other factors constant may be limited for the same reasons. The term is used within this
thesis as a matter of convention, and indicative of an ideal.
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may also contribute to it. Furthermore, by recursion, an important consequence of
reciprocal causality is that cyclic effects may be theorised (Xie & McDowall, 2008).
The expectation that “cause precedes effect” has also been questioned at more
fundamental levels. For example, Weatherburn (2001, p.1) states that:
This picture of causation is unhelpful when dealing with crime. The
factors or conditions which criminologists regard as causing criminal behaviour do not invariably result in it. Instead, to a greater or lesser
extent, they increase the risk of criminal behaviour.
Dismantling the requirement for clear temporal precedence, Weatherburn proposes
that causality be framed in terms of the cumulative presence of risk factors – and
protective ones – with probabilistic influence6 .
The third issue in nomothetic causality is non-spuriousness in the relationship
between variables. Spuriousness is a threat to the link between correlation and
causation whereby an apparent relationship between independent and dependent
variables is actually accounted for by a third – the “extraneous variable”7 . This is
indicated in figures 12.4 and 12.5 where the former represents an assumed causal
relationship which is revealed by the latter to be due to mutual association with the
extraneous variable.

Independent

Dependent

Figure 12.4: Assumed causality (spuriousness hidden)

Dependent

Independent
Extraneous

Figure 12.5: Broken “causality” (spuriousness revealed)
6

Further weakening of the “cause precedes effect” proposition for nomothetic causality is observed in the temporal distance between the two, which may be proximal or distal. An example
is an argument that weak parental attachment may exacerbate risks of negative peer influence
which, in turn, may lead to crime. While parental attachment may be remote it is nevertheless
incorporated into the causal structure as a distal cause (Weatherburn, 2001).
7
It is also commonly referred to as a “confounding” variable, for obvious reasons.
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An example is taken from the work of Sampson and Raudenbush (1999) who
theorised that collective informal means of social control attenuated neighbourhood
crime. “Broken Windows” theory (Wilson & Kelling, 1982) existed as an established
alternative in which evidence of neighbourhood “disorder” was responsible for crime
escalation. The causal relationship under the “Broken Windows” is that increased
incivilities and disorder send a message to residents that methods of social control
have broken down and crime follows as a result. This suggests a relationship between
“disorder” and crime which Sampson and Raudenbush showed to be spurious by
revealing that both co-varied with levels of informal social control (as per figure 12.5).
The “conundrum” is therefore summarised as follows. Social Disorganisation
Theory is framed as an etiological response to crime. This is true of its origins
and often implied in contemporary studies. However, while two of the conditions
of a nomothetic explanation may be satisfied – correlation between variables and
non-spuriousness – the establishment of temporal order cannot (at least in crosssectional studies). This indicates that causality may not be established by the
research, potentially weakening outcomes for a theoretical framework incorporating
causal arguments. That is, while the situation mandates cautious interpretation of
outcomes, statements of correlation may fall short of full engagement with theory.
Strictly, this is unavoidable. However, the following response is proposed.
With respect to the requirement that the independent variable (“cause”) arises
prior to the dependent (“effect”), three points are made in order to suggest improved
articulation with theory. The first point is to maintain cautious interpretation. Nonspurious, correlated outcomes may be observed as lending support to theory. The
inability to prove causality does not imply a complete disconnect with etiological
theory. The second point is that while the counterfactual is unobservable in the data,
spatial models depart from traditional regression in providing evidence of reciprocal
causality. This offers an opportunity to reassess relationships between variables
as something other than unidirectional. Accordingly, a weakening of the temporal
requirement for causality is suggested where reciprocity is evident. The final point
relates to issues raised by Shmueli (2010), presented in subsection 8.3.1. In that
presentation it was referred to as a “sleight of hand”. However, it also offers some
utility in relating outcomes to causality in theory8 . Where research engages strongly
with theory the strength of the relationship allows the theoretical lens to be applied
to interpretation. In the social sciences, this is common practice. Etiological theory
provides the research framework. Research produces “support” (or otherwise) for
theory in the form of established correlation between variables. The results are then
observed through the lens provided by the theoretical framework, and a narrative of
8

The principal focus by Shmueli is on differentiating predictive and explanatory modelling,
although descriptive modelling is also mentioned. Exploratory modelling is not addressed, but
although it forms a large part of the research it does so from within a theoretical context and, as
such, aligns with explanatory modelling in the discussion by Shmueli.
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“causality” is inherited from that framework. Murray et al. (2007, p.24) make this
point by stating that:
. . . one important criterion for suggesting that a predictor causes criminal
behaviour is that there is a plausible theoretical link between the two. If
there is no credible theory linking the hypothetical cause with its effect,
then it is less plausible that the relationship is causal.

12.3

Observations of support for SDT

This section considers results in terms of their level of support for SDT, focussing
on the initial studies9 .

12.3.1

Model results

In order to provide a means of visualising results for spatial complexity, partitioned
impact tables are converted into schematic form – referred to here as “traversal
schematics” – by the following processes.
 Magnitude is disregarded;
 Significance is colour-coded: red for positive association with the dependent

variable, white (or absent) for insignificant and green for negative;
 The meaning of partitioned impact tables is preserved such that cells repre-

sent traversals – not neighbours;
 Colour gradation is employed as a generic indication of effect attenuation

(not specific to actual values);
 Only variables with at at least one significant entry are represented – how-

ever, it is understood that non-represented variables (held constant across
neighbourhoods) still play a role in results;
 Truncation is allowed at the final significant traversal for visual simplicity;

and
 Unexpected entries for “zero-entry slots” are resolved by indicating their com-

plex, cumulative effect over increasing orders of neighbourhood traversal by
joining affected cells.

9

This focus is not to suggest that later studies do not also offer some support to SDT. The
second Chicago study indicates similar levels of support as the initial study, complicated by the
categorical variable for segregation. The second round of studies is considered in the context of
the specific conditions that make them unique.
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Initial model for Sydney

Figure 12.6 represents the effects in the Spatial Durbin Model selected as the preferred model for the (initial) Sydney case study.
Traversals:
Disadvantage

Indirect

Mobility

Indirect

0

1

2

3

4

Total
Disruption

Direct
Indirect
Total

Urbanisation

Direct

Figure 12.6: Traversal schematic – Sydney SDM (from table 9.5)
Most evidently, all structural variables are represented and align with expectations derived from SDT – with the exception of heterogeneity which fails to indicate
significance.
Direct effects are those which originate locally. Therefore, direct impact results
indicate that increased levels of locally occurring Disruption and Urbanisation are
associated with increased levels of local Violence. In the case of disruption, the
relationship exceeds the bounds of simple co-location and exhibits a feedback loop
whereby the local effect influences immediate neighbours to such an extent that they
exert influence back upon the local area.
Indirect effects originate from extra-local sources. Significant and positive indirect effects are observed for disadvantage, mobility and, again, disruption. Mobility
is significant for immediate neighbours only (reachable by a single traversal).
12.3.1.2

Initial model for Chicago

Figure 12.7 is the traversal schematic for the Spatial Durbin Model selected as
preferred model for the initial Chicago data.
The results are more complex than those for the initial Sydney case. This arises
from a number of observations: (i) all structural variables indicate both significant
direct and indirect impacts, and some also include significant total effects; (ii) Heterogeneity is influential in the model; (iii) negative effects are present (in heterogeneity and urbanisation); and (iv) impact extends to greater orders of neighbourhood
traversal10 .
10

The observation that greater numbers of traversals are indicated for Chicago than Sydney
may be a reflection of the smaller size of census tracts compared to postal areas.
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Figure 12.7: Traversal schematic – Chicago SDM (from table 9.8)

12.3.2

Comments on variables

The discussion turns to observations of each variable, augmented where relevant by
brief commentary on its proposed effects on crime.
12.3.2.1

Disadvantage

Disadvantage demonstrates significance in each of the modelling scenarios, displaying signs consistent with expectations derived from SDT.
Probably more than any other variable, “disadvantage” is posited as a direct
causal agent in crime and delinquency. A positive association between structural
disadvantage and crime is commonly observed (e.g., Hannon & Knapp, 2003; Krivo
& Peterson, 1996; Martinez et al., 2008; McNulty, 2001; Pratt & Cullen, 2005;
Smith & Jarjoura, 1988; Wilson, 1987), with specific mention of increased aggressive
behaviour than in broader society (e.g., Anderson, 1999; Zimmerman & Messner,
2011).
Concentrated disadvantage has been described as an intergenerational “ecological
trap” (Donnison, 1969, p.42), with residents consumed by their conditions, who
“see their lives as being shaped by luck, chance, fate or complex forces beyond
their influence rather than by their own behaviour” (Vinson & Homel, 1975, p.4).
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Neighbourhoods suffering extreme disadvantage are characterised by severe isolation
from broader society (Wilson, 1987). An associated lack of access to resources may
lead to reduced contact between members of a community (Bursik & Grasmick,
1993; Morenoff et al., 2001; Sampson & Groves, 1989; Sampson et al., 1997). Under
such conditions it is unsurprising to find it linked to lower levels of social control
and increased neighbourhood social disorganisation (Hipp, 2010; Sampson & Groves,
1989; Sampson et al., 1997).
12.3.2.2

Heterogeneity

Heterogeneity does not present outcomes that reflect expectations based on SDT. In
the Sydney case study it fails to be significant. In Chicago it presents signs contrary
to SDT-derived predictions for direct effect. In the initial Chicago model, indirect
effects were also significant and, in this case, positive – albeit in the expected “zeroentry” slot (W1 ). Thus, heterogeneity consistently presents the least favourable
results with respect to SDT, either by virtue of insignificant findings or signs contrary
to expectations.
Heterogeneity is assumed by social disorganisation theorists as disruptive to
those neighbourhood processes that may attenuate crime (Bellair, 1997; Kornhauser,
1978). These threats potentially include incompatible cultural norms, stereotypes
held of outsiders and barriers to communication – all of which may present barriers
to the formation and maintenance of community social control mechanisms. One
of the more influential recent voices to this effect is that of Robert Putnam (2007)
who describes a process of “hunkering down” – or social withdrawal – in response
to increased heterogeneity. This is founded on claims of erosion of trust and social
cohesion, at least in the short term. Importantly, this affects trust generally, as
well as both inter- and intra-racial trust. On that basis, the issue of interest is not
one of race or ethnicity, per se, just as observations by Shaw and McKay (1972
[1942]) of elevated criminality in ethnically diverse areas was not population-specific
(since this changed over time). The effect proposed by Putnam is known as the
“constrict proposition” and has been accused of leading to neighbourhood social
disorganisation (van der Meer & Tolsma, 2014).
Despite some support (e.g., Stolle & Harell, 2012; Stolle et al., 2008; van der
Meer & Tolsma, 2014), the theory is contentious. Some find contrary outcomes
(e.g., Sturgis et al., 2011), while others note that results vary considerably over
a variety of social indicators (Anderson & Paskeviciute, 2006), or that apparent
effects of diversity are nullified when accounting for other factors such as local deprivation, inequality, segregation or neighbourhood age (Guest et al., 2008; Letki,
2008; Portes & Vickstrom, 2011). Portes and Vickstrom (2011) stridently declare it
a “pseudo-theory” and its purported effects “illusory”. Another position is that the
negative influences of heterogeneity on social cohesion represent a case of “Ameri-
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can exceptionalism”, where the effect is strong in the U.S. but has little relevance
to countries such as Australia (van der Meer & Tolsma, 2014). This resonates with
results obtained in the current research, where heterogeneity failed to be significant
in Sydney. In Chicago, the simplest description of the effects of heterogeneity is
that they negatively correlate with violence in the local area (with feedback from
immediate neighbours). While some studies lend various levels of support to constrict theory (e.g., Altheimer, 2008; Hansmann & Quigley, 1982), results in the
current work broadly suggest contrary findings (as do others, e.g., Altheimer, 2008;
Hansmann & Quigley, 1982)11 .
12.3.2.3

Residential mobility

Mobility demonstrates positive indirect effects in all models. In Chicago it also
includes positive direct effects. These results are aligned with SDT.
Residential mobility is often associated with other structural variables. Most
commonly, poor local conditions and high levels of neighbourhood disadvantage
are noted to encourage out-migration (Clark & Morrison, 2012; Rabe & Taylor,
2010; Vogel, 2018). Additionally, high aggregate levels of local mobility can exert a
destabilising effect on neighbourhood attachment (Cho & Lim, 2019) increasing the
likelihood of further mobility (Sharp & Warner, 2018)12 .
12.3.2.4

Family disruption

Disruption consistently indicates strong, positive relationships with violence, as expected by SDT, and includes both direct and indirect impacts to multiple degrees
of neighbourhood traversal.
Early studies on the relationship between family disruption and crime were available to Shaw and McKay, including that by Shideler (1918) who observed that almost double the number of delinquents came from “crippled” homes compared to
estimated averages. Also, as mentioned in chapter 2, Burgess (in his preface to
Mowrer, 1927) clearly linked problems in the family to those in urban society. However, Shaw and McKay (1932) found no clear relationship between “broken homes”
and delinquency in their research, results shared by others (e.g., Silverman, 1935).
This may account for the absence of disruption as a structural variable in the classical formulation of SDT (Shaw & McKay, 1972 [1942]).
11

The brief inclusion of constrict theory in the discussion is due to its clear theoretical relevance
to heterogeneity. However, it is acknowledged that the current work does not qualify as producing
results that directly challenge constrict theory since the dependent variable is violent crime, not
social capital or cohesion. The mediating effect of these factors on violence may only be speculated
upon in the current work.
12
Such findings dominate mobility research and align with expectations from SDT. However,
mobility is a complex issue with many motivating forces at play for those residents in a position to
respond, including options afforded by advances in telecommunications (Gillespie, 2017), life-cycle
changes (Hassan et al., 1996), the retardant effect of high social capital (Kan, 2007) and distance
from relatives (Sharp & Warner, 2018).
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It is important to reassert that family disruption is cast as an aggregate variable
in ecological studies. Despite being measured in terms which variously relate to
family structure or parenting behaviours, family outcomes are not considered in
neighbourhood effect research and conclusions drawn at the family level would be
guilty of ecological fallacy. Instead, the interest is in the effect of family disruption
at a community level. The point is emphasised by Sampson (1987), who notes
aggregate effects in terms of: (i) increased community perception of disorder; (ii)
a reduced pool of residents available for engaging in positive community activities;
and (iii) weakened informal social control by reduced interest in neighbourhood
supervision.
12.3.2.5

Urbanisation

Sydney and Chicago studies report different outcomes for Urbanisation. In Sydney,
there is a positive association with violence, evident for direct effects only and with
no feedback observed (that is, within the local area – W0 – alone). In Chicago,
the effects are mixed and spatially complex. However, closest and most influential
effects – direct effects in the local area (W0 ) and indirect effects from immediate
neighbours (W1 ) – are negative. This is contrary to SDT-derived expectations.
12.3.2.6

Discussion: The challenge of heterogeneity

As a first pass in considering the degree to which results support SDT, observations
of spatial complexity are suspended. With the exception of heterogeneity and urbanisation, this is easily achieved given the spatial consistency of results. On this
basis, disadvantage, mobility and disruption indicate outcomes that unequivocally
align with expectations derived from SDT. Heterogeneity and Urbanisation exhibit
inconsistent results between case studies. Despite good levels of support for SDT
based on Sydney results, this suggests mixed overall support for SDT across all case
studies.
In the case of heterogeneity, it might be argued that the effect this structural
variable has dramatically changed since earlier formulations of SDT. Early views
of diversity – and of the immigration that generated it – typically resonated with
propositions in SDT, namely that it indicated positive association to crime (e.g.,
Taft, 1933; van Vechten, 1941). More recent experiences with immigration portray
it as a cornerstone of contemporary society in developed countries (e.g., Hirschman,
2005, in describing the twentieth-century U.S. context) and that the “normalisation”
of diversity indicates beneficial effects (Stolle & Harell, 2012). Far from posing a
threat, it is not atypical for contemporary studies on diversity to reveal strong
differences to its more traditional associations with high crime. This includes that
no such evidence exists (e.g., Leiva et al., 2020), that it actually provides a protective
effect (e.g., Gostjev, 2016), or that the effect is more complex (as in the study
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by Vélez, 2009, which found immigrant arrival in disadvantaged areas in Chicago
reduces homicide, but the opposite effect occurs in advantaged areas). In the face of
numerous studies which find beneficial outcomes to neighbourhood diversity, SDT
has been subjected to considerable criticism in favour of alternative theories (e.g.,
Lee & Martinez, 2002). It has been referred to as the “dominant framework linking
neighborhood patterns of immigration to local rates of crime and violence despite
inconsistent findings and evidence to the contrary” (Chavez & Griffiths, 2009, p.261).
Nevertheless, SDT has been declared “useful” even where heterogeneity fails
to behave as anticipated (e.g., Emerick et al., 2014). This raises a question as to
how SDT should be appraised in situations where heterogeneity does not align with
expectations derived from its theoretical foundations, in a context where many contemporary diversity studies suggest that such expectations are unwarranted. There
are a number of reasons why the anticipated effects of heterogeneity might have altered. One is a change in bias – that high levels of diversity created an expectation
of increased crime which influenced observations. Another is that the spurious relationships were indicated which may be controlled for; that is, rather than a mutual
causal effect by concentrated disadvantage and heterogeneity on crime, disadvantage exerts influence on both variables. This is historically evident in the Zone of
Transition, where areas of disadvantage “attracted” immigrants on the basis that
those areas contained affordable accommodation. Another possibility is that the
perception and/or the reality of diversity has evolved over time from ideas of invasion and competition to more persuasive arguments of revitalisation. All of these
possibilities support a situation where diversity is either not a factor in crime or may
even have protective qualities. Thus, in considering support for SDT, this raises an
important question regarding how it is to be defined. Many studies effectively define
SDT in terms of representative concepts – in which case, heterogeneity is an integral
component as one of the three associated with its classical formulation. The current study adopts this reductionist approach – which it does as a means of isolating
spatial effects. In such studies, the failure of heterogeneity to conform to theoretical
expectations may be an outcome that becomes more predictable.
However, a shift of emphasis suggests a different account. “Social disorganisation” is typically defined in terms of inability of local communities to establish
and maintain social control mechanisms to deal with mutual interests (e.g., Bursik,
1988; Sampson & Groves, 1989) – a definition that reflects early concepts expressed
by Thomas (1966 [1927]). Without loss of continuity, SDT proved itself flexible in
response to evolutionary proposals during the period of its resurgence. The most
prominent developments involved a bifurcation between what would be known as
the “systemic” model of SDT (Bursik & Grasmick, 1996, 1993; Kasarda & Janowitz,
1974; Warner & Rountree, 1997) and the “collective efficacy” model (Sampson et al.,
1999, 1997). The systemic model introduces multiple levels of informal social control
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(Bursik & Grasmick, 1993; Hunter, 1985; Velez, 2001; Warner, 2007). The “collective
efficacy” model is founded on claims that social disorganisation affects neighbourhood trust (“social capital”) and collective capacity of residents to act (“efficacy”).
This suggests influences such as family, supervision of youth, and intergenerational
networks and social cohesion, which form the basis by which relationships between
residents may be converted to satisfy community objectives (Sampson, 2010, 2012;
Sampson & Raudenbush, 1999; Sampson et al., 1997). Such developments in theory
redirect attention to “social disorganisation” and suggest mechanisms by which it
may be further explored and theorised. Under such circumstances, if a structural
variable consistently indicates a shifted alignment from foundational expectations,
this may suggest a reassessment of that variable more than an argument for potential
dismissal of theory.
Results for heterogeneity offer a minor contribution to the research dialogue on
diversity studies. In so doing, they concur with research that finds insignificant or
negative associations for heterogeneity with (violent) crime. This is an uncontroversial finding for contemporary studies, but represents a departure from historical
perspective and from traditional interpretations of SDT. As such, it is presented as a
potential “challenge” for SDT. However, it is submitted that it need not be perceived
as a negative result for theory as much as an indication that heterogeneity may not
be useful to it. The “challenge” is framed in terms of how SDT is defined and suggests that structural variables – even when they serve as traditional “indicators” for
social disorganisation (Kornhauser, 1978) – may need to be reassessed. In reporting
on confirmatory studies, such a suggestion might stand accused of reshaping the
problem (SDT) to fit the results. Rather, the suggestion is that consideration be
given to the extensive literature on immigration and diversity in order to determine
whether or not a proposed “indicator” of social disorganisation has assumed new
sociological meaning over time.

12.4

The challenge of spatial complexity

Despite its centrality in ecological schools of criminology, “space” is a concept in
need of disambiguation. Complex spatial effects have been noted in parts III and
IV of the thesis. However, that complexity of often subsumed by simpler spatial
constructs. It is proposed that accounts of “space” frequently conflate notions of
place – here referred to in terms of “locatedness” – and more complex ideas that
embrace spatial interaction – described as “geography”. These concepts are initially
differentiated, followed by an exploration of “geographies” of violent crime and of
criminogenic places.
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“Locatedness” vs “geography”

Although new spatial methods have partnered with sociology and criminology in recent years, the foundations for theorising the urban environment have been stated as
largely unchanged from the work of the Chicago School (Merriman, 2015). Although
the current work is explicitly founded in such origins, the results of incorporating
SDT-derived structural variables in spatial models suggests a more nuanced discussion of spatiality is needed to accommodate the results, as indicated by Drawve
(2014, p.181) in the context of mapping technologies:
With the emergence of crime mapping techniques that are capable of
identifying different distributions and trends within crime data, criminological theory now seeks to explain the geography of crime. Technology
has rapidly grown, allowing analysis and techniques to surpass the development of theoretical reasoning. Criminological theory is trying to
catch up with the advancements in crime mapping, and current theories
do begin to lend support to the geography of crime.
This supports the proposition levelled here, namely that theoretical elements of SDT
– including those addressing concepts of “space” – are constrained by the means of
analysis at the time of their inception. That is, methodology is not just a means of
enabling empirical explorations of theory, but its limitations also place boundaries
around theoretical extent. While modelling results revealed highly specific spatial
behaviours (as per chapter 9), the current discussion seeks to highlight those boundaries in terms of a single broad distinction, captured by the terms “locatedness” and
“geography”.
It is proposed that “locatedness” invokes the fundamental concept of place –
that is, the ideas of (i) location within space; and (ii) the associated attributes of
that location where relevant. Clearly, the concept is well-served by methodologies
which add locational data to attribute data, evident in “spot maps” or point data
aggregated to areal units. Conceptually, this resonates with conventional understanding of the mapped environment. This is briefly explored by historical context.
Kindynis (2014) proposes three “defining moments” in criminological mapping. The
first refers to the Cartographic School, generally considered as starting with Balbi
and Guerry (1829) and Quetelet (1984 [1831]). As discussed in subsection 2.1.2,
their mapping of spatial data revealed important results in spatial non-randomness
in crime and a number of correlates13 . The second “defining moment” in crime
13

“Correlates” of crime are those factors that are associated with it, and typically regarded as
causal (e.g., Ellis et al., 2019). Social disorganisation might be proposed as a correlate (Goodson
& Bouffard, 2019) in sociological research, as are the independent variables described in the thesis.
Gender is a commonly attributed correlate in psychological studies (DeLisi & Vaughan, 2015).
Lead exposure is an example of a biological correlate (Feigenbaum & Muller, 2016), and the
density of alcohol outlets is a geographical crime correlate that attracts considerable attention in
urban violence research (e.g., Nielson et al., 2010; Snowden & Pridemore, 2012).
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mapping is attributed to the Chicago School, as noted in subsection 2.2.1. This
includes zonal representations of space such as Burgess’ concentric rings (Burgess,
1967 [1925]) – as well as variations which both preceded it (e.g., in the bid-rent
model of von Thünen, 1966 [1826]) and followed it (e.g., the sectoral model of Hoyt,
1939). Criticised as setting a narrow vision of crime mapping which would dominate
criminology for decades to come, the approach nevertheless is credited with establishing a paradigmatic view of “the city”. The final influential moment in mapping
as described by Kindynis is associated with the period of SDT’s resurgence, in which
the mapping and data collating process was enhanced by developments in computing
(Chainey, 2009). However, while these approaches may be differentiated in terms of
their historiography, their level of sophistication and their influence, it is submitted
here that they all are abstract representations of location-based thinking14 . Ecological schools of criminology have incorporated locational visions into criminogenic
accounts of place, invoking concepts of “criminal careers” with patterns of trajectory
and specialisation applied to areas as much as they might traditionally be applied
to individuals (Bottoms & Wiles, 1992; Sherman, 1995; Weatherburn, 2001; Yang
et al., 2014). This spatial abstraction has delivered some sophisticated theories of
crime etiology – including various evolutionary developments in SDT, but also many
others. However, “locatedness” is proposed as a weaker spatial abstraction to that
represented by “geography”. Following the logic presented in chapter 6, the pivotal
concept for “geography” as used in this context is the consideration of spatial autocorrelation. As described therein, this represents a point of demarcation between
the use of spatial data and the spatial use of spatial data, expanding theoretical
possibilities as well as methodological ones.
A very short time-line of the conceptualisation of spatial autocorrelation and the
general failure to articulate its inclusion in criminological theory is as follows.
In 1950, Moran developed a global measure of autocorrelation in two-dimensional
space – now referred to as Moran’s I. However, the main impetus for revising concepts of spatiality is frequently attributed to publications some two decades later.
“The problem of spatial autocorrelation” was formulated by Cliff and Ord in 1969,
and in 1970, Tobler incorporated spatial autocorrelation into his “First Law of Geography” (that all spatial objects influence each other, but proximal ones exert
greater influence). The emergence of this pivotal development in spatial analysis
required an evolutionary response in algorithmics, analytical theory and computational technologies. By the late 1980s these developments had matured to support
the emergence of spatial modelling techniques – such as spatial econometric methods
which incorporated spatial treatment of the dependent component (SAR) and the
residual component (SEM), along with associated model selection methods (Anselin,
14

Note that the place-based nature of “locatedness” does not constrain “static” maps from
representing dynamic states. For example, the “transition zone” may be mapped as a location, yet
be a location in which one of the attributes is high levels of residential transience.

271

CHAPTER 12. IMPLICATIONS FOR THEORY

12.4. Spatial complexity

1988b). By the mid-1990s, important visualisation tools had been developed, including the Local Indicators of Spatial Autocorrelation (LISA) plot (Anselin, 1995) and
the Moran scatterplot as a diagnostic tool for assessing local spatial autocorrelation
(Anselin, 1996). In particular, the LISA plot represents a form of mapping that
is fundamentally different to those described as examples of “locatedness” in its
representation of spatial autocorrelation at the local level. However, at the turn
of the century, the uptake of such methods by criminology was criticised as slow
(Morenoff et al., 2001). Meanwhile spatial analysis continued to develop. Within
spatial econometric approaches alone the advances were considerable. New models
were added, new model selection protocols and diagnostics were proposed, and major advances in algorithmic approaches to computational modelling were proposed
(e.g., Elhorst, 2010b; LeSage & Pace, 2009). At about the same time, Townsley
(2009) stated that criminology was still catching up with the implications of spatial autocorrelation as raised by Cliff and Ord (1969) some 40 years earlier. And –
just prior to commencement of the current research – Merriman (2015, p.18) argued
that a theoretical response to methodological advances in spatial analysis was still
forthcoming:
Contemporary research employs concepts of spatial locality that are approximately the same as those used by the Chicago School, but with a
host of new methods and a relatively greater emphasis on effects. The
subfield continues to expand, and the development of new methods and
data sources seems to hold considerable promise. However, the intellectual and practical goals are less clearly defined. We have powerful tools,
but no clear consensus about how they ought to be used.
Therefore, the word “geography” is used below in its Toblerian sense, representing not only “locatedness” but also the potential for complex influences between
spatial elements. That is, while “locatedness” emphasises place – even if it recognises dynamic attributes such as residential instability of places – “geographies” add
recursive levels of interaction between places. The incorporation of Toblerian “geography” flags a need to synchronise theory to outcomes emerging from advances in
methodology.

12.4.2

“Geographies” of violent crime

“Geographies” of violence are evident in LISA plots of violence (figures 6.6 and 6.7
for Sydney and Chicago, respectively). Rather than traditional maps which might
be used to indicate the location of areas of high and low violence, these indicate
areas of positive spatial autocorrelation of violence15 .
15

LISA plots may also indicate negative spatial autocorrelation – which resemble dispersal
interactions – but this doesn’t occur at any point in results indicated for the research.
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Model results take this further, most evident in the consistently strong, positive
effects for the spatially treated dependent component. This describes a situation
whereby local levels of violence are affected by extra-local levels, and vice versa.
Such effects may invoke considerable levels of complexity involving multiple levels
of neighbourhood traversal and feedback loops. Consistent with distance-decay effects inherent to Toblerian concepts of “geography”, such influence attenuates over
increasing distance, with the effect range being model-dependent (either constrained
to defined “neighbourhoods” or allowed to ripple over the global region).
12.4.2.1

Observations of violence in the results

Violence indicates significant spatial autocorrelation in Chicago and Sydney studies. This is evident at scales which are both global (table 6.1) and local (figures
6.6 and 6.7 for Sydney and Chicago, respectively). One means of accounting for
spatial autocorrelation in the dependent variable is by non-spatial models – a possibility that arises when structural similarity exists. In this case, OLS accounts for
spatial autocorrelation by virtue of inherently spatial attributes of the independent
variable(s). An example might be where a landscape of concentrated disadvantage
predicts violence to such an extent that the spatial complexity of the latter is explained by the former. In such a case, no spatial augmentation is required of the
model16 . However, this situation does not describe the outcomes in any of the four
modelling scenarios described. Common to all four is spatial lag in violence. Thus,
local violence is at least partially explained by extra-local violence (variously at a
global level or as the simultaneous presentation of a ripple effect as neighbourhoods
defined by the spatial weights matrix, W ). This suggests models which contain a
spatially treated dependent component, ρW y, which occurs in SAR and SDM from
the model suite, and also SAC and GNS from the extended suite.
12.4.2.2

Diffusion as a supporting concept

Modelling outcomes suggest theoretical accounts should accommodate influences of
extra-local violence on local rates of violence – and vice versa. One important basis
for such an account builds on observations that the interpersonal nature of violent
crime leads to spatial dependence in the data (Sampson & Morenoff, 2004). This
raises the issue of diffusion processes. Interest in spatial diffusion has been long
16

This situation occurred in a previous iteration of the modelling for Chicago. An earlier model
selection process by Anselin (1988b) was used, employing Lagrange Multiplier tests (and robust
variants) to choose between OLS, SAR and SEM. This is described in subsection 7.2.3. In this
scenario, no accommodation was made for structural instability caused by segregation. However,
an unobserved landscape of segregation was still affecting spatial outcomes in the dependent and
independent variables. In this case, the procedure led to selection of OLS as the preferred model,
indicating that the independent variables (reflecting unobserved patterns of segregation) contained
sufficient information to explain spatial behaviour of the dependent variable. The later inclusion
of additional models led to improved performance by SDM, as indicated in results.
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standing (e.g., Gould, 1969), with the epidemiological literature a source of early
discussion on the role of diffusion processes in violence (Hollinger et al., 1987; Loftin,
1986; Messner et al., 1999). However, “diffusion” is not a singular concept. A taxonomy of crime diffusion has been proposed by Cohen and Tita (Cohen & Tita,
1999; Tita & Cohen, 2004). The principal division is between contagious diffusion
– which occurs on the basis of proximity – and hierarchical diffusion – which occurs
at potentially broader spatial scales on the basis of shared influences. The former
mimics the epidemiological model of contagion. In the case of violence, the interpersonal nature of the crime is such that instances of violence spawn further violent
acts. For example, these may occur as a matter of retaliatory action (Loftin, 1986),
or perhaps even as anticipatory events as might be the case in gangs demonstrating willingness to defend their turf and to pre-emptively ward off encroachment17 .
Proximity is a clear factor in contagious diffusion.
Hierarchical diffusion is the second broad type of diffusion. An appropriate
analogy is the diffusion of products such as new consumer goods (Cliff et al., 1981),
where spread is not reliant on direct contact but occurs through cultural influences
or by means of a spatially distributed sub-population. The result is seemingly
“instantaneous” spread throughout areas without apparent progression in space.
An example is the sudden appearance of gangs across a city without evidence of
neighbourhood effects which might otherwise explain transmission (Tita & Cohen,
2004).
Even in the case of cross-sectional studies, these different diffusion processes
might align with separate levels of influence evident in spatial econometric models.
Global influence suggests hierarchical diffusion processes. On the other hand, local
influence suggests contagious diffusion processes at work.
12.4.2.3

Discussion

This discussion introduces an attractive basis for theorising spatial non-randomness
in violence, consistent with modelling outcomes. In so doing it accounts for spatial
treatment of violence as the dependent variable in the selected models (via the
inclusion of ρW y). This accounts for “violence begets violence” effects within a
spatial context. The influence of structural variables also needs to be incorporated.
Within the context of a spatialised dependent component – as in SAR and SDM – the
“local” effects of structural variables may be propagated via the diffusion processes
associated with violence. That is, where local conditions result in higher local levels
of violence (as described by Xβ), that violence may exert influence on extra-local
violence (as described by ρW y and theorised by diffusion processes). As described
in chapter 9, this effect occurs in both SDM and SAR models. In the case of SDM,
spatial treatment is additionally granted to structural variables (as described by
17

Griffiths and Chavez (2004) refer to this anticipatory escalation as “defensive diffusion”.
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W Xγ) such that they exert direct effect on violence in defined neighbours. Both
of these influences help account for the role of structural variables on violence as
described by (Peterson & Krivo, 2009, p.94) when they state that:
. . . the level of criminal violence in a given neighborhood depends, in
part, on levels of criminogenic conditions in adjacent areas. This spatial
positioning results in more (or less) violent crime than would be expected
from conditions internal to the neighborhood.
Thus, in the context of ecological criminology, evidence of spatially complex victimisation suggests a geographic richness in criminogenic space.

12.4.3

“Geographies” of criminogenic space

From an etiological perspective, Social Disorganisation Theory (SDT) considers local ecological conditions as potential causal causal agents for crime and delinquency
– regardless of whether that is presented as direct or mediated causality. These are
the independent variables in the regression models, theoretically viewed as structural variables indicative of social conditions associated with criminogenic space.
As such, its methodological and theoretical roots are inherently “spatial” in the
limited ecological sense described previously in terms “locatedness”. Spatial confluences of structural variables create conditions that facilitate (or fail to attenuate)
crime, resulting in criminogenic niches. This may occur indirectly, via effects on
neighbourhood social organisation. By this process, location is elevated to that of a
causal agent for crime above individual factors such as age, gender, race or psychological profile – to the extent that places may exhibit “criminal careers”. The weak
interpretation of spatiality suggested by “locatedness” requires only that co-location
of variables occurs in space. Clustering may be noted but specifics regarding interspatial relationships are not explicitly embraced by theory. SDT is spatio-centric in
that it proposes a relationship between crime and its covariates that clearly satisfies
this weak definition of “spatial”.
A more comprehensive understanding of spatiality extends this view by also
incorporating the role that variables in extra-local areas play. This addresses a Toblerian sense of “geography” in which a richer set of influences may be observed –
as evident in all results presented in parts III and IV of the thesis. The question
raised by these observations concerns the extent to which SDT explicitly addresses
this additional layer of spatial complexity. It is proposed that while SDT does not
preclude the incorporation of spatially rich interpretation, neither does it embrace
it. From a theory-led perspective, this is readily managed by subsuming complexity
within a simpler theoretical account of “located” space. For example, tests of SDT
which produce spatially complex results may provide clear support for SDT if those
results are significant and positive. Here, complexity is superfluous detail, or what
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Sampson (2012) might describe in terms of an extra “layer” of interpretation. However, from a data-driven approach, results assume a position of prominence and the
spatial complexity emerging from the data needs to be accommodated by theory
which explains it. Thus, if it is accepted that spatial richness is fundamental to spatial schools of criminological thought, then SDT may be found wanting in the extent
to which embraces spatial autocorrelation to both motivate research directions and
to respond to nuances in the results.
12.4.3.1

Observations of criminogenic space in the results: Disadvantage

Observations are confined to Disadvantage as the example. In subsection 12.3.2
this was summarised as an aspatial effect, and was one of three structural variables
indicating consistent alignment with expectations derived from SDT. As expected
from SDT, disadvantage indicates a positive association with violence at the local
level. With respect to extra-local influences, all models consistently demonstrate
positive association with violence outside the local context, lending broad support
to SDT.
One means of creating a “spatialised” account of disadvantage is by spatial extension. This may be used to explain indirect effects from immediate neighbours
as a case of neighbourhood permeability – at least in the situation where structural
variables in immediate neighbours share the same relationship to violence as the
local area. Thus, if a local area and its immediate neighbours exhibit high levels of
disadvantage and violence, then it may be assumed that these areal units are part
of a larger “object”. For example, consider the argument that disadvantaged neighbourhoods are associated with certain attributes – say, isolation. It may be argued
that such characteristics are worsened in the case that neighbours also exhibit high
levels of disadvantage, since a larger landscape of disadvantage is indicated. However, this approach is a simplification. Honouring spatial complexity in the data
invites consideration of the impacts of ripple effects from further neighbourhood
traversals, feedback loops, direct versus indirect effects, the implications raised by
opposing signs of significant effects, etc. The simplified analysis may be compared
to examining a choropleth map. Evidence of proximal neighbourhoods with similar
characteristics might lead to a proposition that worsening isolation arises from these
analytical areas being sub-units in a much larger functional area of disadvantage.
The concentration and the areal extent of such disadvantage may become the basis of theoretical consideration. Areal permeability of disadvantage thereby becomes
the basis for theorising isolation effects, and spatial autocorrelation may be partially
explained by this in the same way that a choropleth presents a visual representation
that may identify clustering. This may correspond well to theoretical discussions
relating to the extent and concentration of effects of structural variables. However,
it may also be accused of simplifying the data to fit theory. This simplification
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comes at a risk of reducing the spatial complexity within the data to one of “locatedness”, whereby permeability is used to theorise larger areas but not enabled
to express more complex spatial interaction. A more spatially nuanced expression
of theory might provide improved articulation with concepts such as violence as
a contagion where disadvantaged areas might be observed to have higher rates of
retaliatory homicides (Kubrin & Weitzer, 2003b). However, the results obtained
for disadvantage disagree with studies that suggest increased crime and delinquency
are associated with local disadvantage surrounded by relative affluence in neighbours
(e.g., Graif, 2015; Hipp, 2007; Vogel et al., 2020; Vogel & South, 2016). Contrary
to a spatially extended account of SDT – which associates crime with criminogenic
attributes of the environment – these alternative expectations suggest criminality
is associated with frustrations arising from exposure to better conditions denied to
disadvantaged residents.

12.5

The challenge of mediation effects

The second Sydney model explored the dominant influence of Disruption (in terms
of both its magnitude and spatial complexity). MacKinnon (2008) describes three
options by which Disruption might exert influence on Violence. The first potential role for Disruption is in its default as a covariate. In this capacity, Disruption
should be strongly related to Violence as the dependent variable, but weakly related to other independent variables. The second potential role is as an extraneous
variable, discussed in section 12.2 as symptomatic of spurious relationships between
variables18 . In this situation, Disruption should be strongly related to independent
and dependent variables, such that it explains both of them and thereby weakens
arguments for their direct association. The third role is that of mediator. This
reflects the most complex options for causality. In its most evident form it presents
as an intermediary effect, where the independent variables “cause” the mediator
which, in turn, “causes” the dependent, which in chapter 10 is referred to as “complete mediation”19 . Results arising from mediation analysis suggest that the best
fit for disruption is described by this last relationship – as a mediating variable that
completely mediates the association that other variables have with violence.
As complete mediation was established, only the relationship between the mediator and Violence was explored in modelling. This resulted in selection of a SAR
model, presented as a traversal schematic in figure 12.8. Disruption exhibited significant direct, indirect and total effects, with mean direct effects accounting for
over 57% of the result. In partitioned tables, each of these effects extended to three
18

This is referred to as a confounder by MacKinnon but “extraneous” is used for reasons of
consistency within this chapter.
19
From here-on in, the cautious use of statements of causality – indicated here by quotation
marks – is abandoned with the understanding that issues presented in section 12.2 are noted.
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observable orders of neighbourhood (W0 to W3 ), with well-behaved “zero-slot” entries as expected from SAR. The extension into multiple orders of neighbourhood
indicate rich spatial complexity, although it should also be noted that the effects
attenuate with increasing order for all impacts.
Traversals:
Disruption

0

1

2

3

4

Direct
Indirect
Total

Figure 12.8: Traversal schematic – mediated Sydney model (from table 10.7)
Spatial results (figure 12.8) are similar to those for Disruption in the initial model
for Sydney (figure 12.6). In this case, no other structural variables indicate immediate significance with Violence – by definition of “complete mediation”. However,
disadvantage and urbanisation are significant, positive and mediated by disruption
(table 10.2). Comparisons with the full model (e.g., figure 10.7) suggest that the
mediated model may present a more parsimonious choice in terms of both structural
variables and the number of terms20 .
Figure 12.9 summarises the complete mediation model with only significant covariates included (all positive).

Disadvantage

Violence
+
+

Urbanisation

+

Disruption

Figure 12.9: Disruption as mediator (Sydney)
Disruption (alone) indicates a positive relationship with Violence; of the remaining
variables, Disadvantage and Urbanisation indicate a positive relationship with
Disruption. This demonstrates that the association of all independent variables to
Violence is one in which Disadvantage and Urbanisation are fully mediated by
Disruption, with Heterogeneity and Mobility insignificant
The diagram indicates that the effects of disadvantage and urbanisation influence
violence by virtue of their effect on Disruption. An example of a study with similar
20

In addition to reduction in the number of parameters, the number of terms is reduced because
SDM incorporates spatial treatment of both independent and dependent components (y = ρW y +
Xβ + W Xγ + ε, as per equation 7.5). On the other hand, SAR only provides spatial treatment
to the dependent variable (y = ρW y + Xβ + ε, as per equation 7.2). However, as described in
chapter 9, the independent variable has spatial effect via feedback loops in the dependent variable.
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outcomes (although in partial mediation) is that reported by Wong (2007): in a
study of the classical formulation of SDT, mobility and heterogeneity were found to
have a direct effect on crime, whereas the influence of poverty on crime was found to
be mediated by family disruption. Two decades previously, Sampson (1987) found
the impact of Black male unemployment on Black crime was mediated by family
disruption, with similar results for Whites. Thus, no racial factor was indicated and
effects were also independent of numerous cultural, demographic and environmental
factors. As a result, Sampson (1987, p.377) concluded that:
. . . the analysis has demonstrated that the effects of family structure are
strong and cannot be easily dismissed by reference to other structural
and cultural features of urban environments.
This resonates with results obtained in chapter 10, which demonstrate complete
mediation such that other covariates no longer exert direct influence on Violence
when Disruption is introduced as a mediator21 . The strength of the role of disruption
mirrors that in the results of Weatherburn and Lind (2006) – which partly motivated
the study – outcomes which Weatherburn and Lind find contrary to the position
represented by social disorganisation theorists.
As with disadvantage, claims of a direct causal link from family disruption to
crime and delinquency abound. The populist argument (as per Justice Henchey,
1953) is that youth over-representation in the judicial system indicates a failure of
socialisation in the home – the most representative of such failure arising from the
“broken home”. Thus, “broken” homes generate increased levels of delinquency over
“intact” homes. As the family unit is the primary source of socialisation (Theobald
et al., 2013) this is intuitively appealing. Although other disrupters to family-based
socialisation exist – such as criminal influences within the family, poor parenting
methods, large family size, neglect and child abuse (Farrington, 2010) – research on
family disruption typically involves single-headed families, as here.
Despite its exclusion from the classical formulation of STD and its inconsistent
assessment in the literature (see van Voorhis et al., 1988), the link between family
composition and delinquency has received broad support (e.g., Burt et al., 2008; Free,
1991; Juby & Farrington, 2001; Price & Kunz, 2003; Rankin, 1983; Thornberry et
al., 1999; Wells & Rankin, 1991) and family disruption has been flagged as a major

21

The reciprocal is also acknowledged, namely that areas with high rates of violence might
reasonably result in fractured family structure. In turn, disrupted families may produce youth
with lower levels of interest in education (e.g., Steele et al., 2009) – which is one of the factors
in the variable, disadvantage – which in time may increase other factors in disadvantage such as
unemployment.
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cross-disciplinary area of research (Theobald et al., 2013)22 .
In spite of widespread agreement that children of single-headed families exhibit
increased delinquency, there is little consensus regarding causality (Rebellon, 2002).
Favouring breadth of coverage over depth, three broad schools of thought are indicated (e.g., Leiber et al., 2009; Rebellon, 2002): learning, control and strain theories.
Social learning theories have a long historical trajectory in philosophy. The fundamental proposition is that delinquency is learned behaviour, achieved by observation
and subsequent modelling from parental criminality or peer groups, (e.g., Glueck
& Glueck, 1950) with family structure playing an important role (e.g., Steinberg,
1987; Warr, 1993). Differential association theory is an example of a social learning
theory first articulated by Chicago School sociologist Edwin Sutherland (1939) addressing the normalisation of criminal behaviour and socialisation into criminality.
Sutherland’s work extends (in part) Chicago School interest in cultural transmission
(outlined in chapter 2). Control theories operate on the assumption that formal and
informal mechanisms of social control are required to combat inherent tendencies
towards antisocial behaviour. Family disruption introduces risks arising from the
inability to form family social bonds (e.g., Laub & Sampson, 1988) and reduced
capacity for parents (especially single parents) to impose direct control (e.g., Wells
& Rankin, 1988). An example is the “parental absence” thesis in which an absent
parent may hamper bonding and socialisation regardless of the quality of parental
care (Gottfredson & Hirschi, 1990). That is, single-headed families offer greater
opportunity for delinquency and result in reduced levels of conformity. This places
family structure firmly as a direct influence on delinquency. Lastly, strain theories
are based on work initially formalised by Robert Merton (1938). He proposed that
social pressures – such as the meritocractic belief that everyone who strives for success will be favourably rewarded – may be unrealised for some individuals, who then
experience stressors (or “strain”) as a result. Resorting to crime may be one means
of relieving such feelings. Generalising the theory, Agnew (1992) posited three broad
forms of strain: denial of goals (e.g., by poor economic standing), removal of positive stimuli (e.g., parental death or separation), and the addition of negative stimuli
(e.g., abuse) – all of which may be real or anticipatory.
The model represented by figure 12.9 invites some consideration of how mediated
variables – such as disadvantage – may be accommodated by theory. Murray et al.
22

As a theoretically direct influence on crime and delinquency, disruption may be considered
in more nuanced circumstances than is useful for current purposes. Examples include comparing
effects of parental disharmony versus parental death (Juby & Farrington, 2001), impacts of race
and ethnicity (Bray & Hetherington, 1993; McKinnon, 2003; Perez-McCluskey & Tovar, 2003;
Sampson, 1987; Wilson, 1987), temporal relevance – confined to immediate responses in youth
delinquency (e.g., Rebellon, 2002; Wells & Rankin, 1991) or exploring longitudinal studies into
adulthood (Theobald et al., 2013) – and specificities of family composition – such as the role of
a father figure (Comanor & Phillips, 2002; Demuth & Brown, 2004) or of step-parents (Rebellon,
2002). Additionally, while many such studies are framed in terms of “delinquency” and explore less
serious forms of deviance or criminality, some draw specific links between disruption and violence
(e.g., Theobald et al., 2013).
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(2007) propose that variables subjected to mediation involve different theoretical
links to crime. For example, strain theory’s stressors (such as disadvantage) have an
immediate/direct relationship to crime that is not easily assimilated into a mediated
account. Following this logic, figure 12.9 suggests that the relationship between disadvantage and violence is not as easily supported. Disadvantage might conceivably
impact single-headed families more severely than other family structures, and this
may exacerbate intra-family stresses and possibly increase violence. However, the
results do not comfortably fit with strain theory propositions of relative dissatisfaction. That is, given evidence of full mediation, the role of disadvantage in the
results is not well explained by strain theory. On the other hand, theories which incorporate socialisation appear more relevant to the situation at hand. This includes
both control and learning theories. In such accounts, disadvantage impacts upon
family structure which directly affects socialisation within the home. As previously
described, similar mechanisms then link family structure to crime.
The discussion concludes by revisiting Weatherburn and Lind (2006), who present
their results as contrary to SDT. They contextualise their findings in terms of what
they regard as a methodological deficiency in SDT-related research. That deficiency
is stated as a tendency to test theoretical variables against the data and proclaim
findings of correlation as a successful outcome for SDT without comparing alternative theories. The implication is that multiple theories may accommodate the data.
Their findings that a new variable, child neglect, mediates those representing SDT
is suggested as a competing and more parsimonious outcome, explaining the same
situation using simpler data. The current work redeploys family disruption in an
exploratory context based largely on its primacy in other results with similar results.
For that reason, their critique of SDT-based research is relevant to results presented
here.
Weatherburn and Lind (2006, p.385) specifically take issue with mediating concepts in SDT, such as informal social control and collective efficacy, when stating
that:
. . . we seek to argue that the apparent effect of structural variables like
poverty, ethnic heterogeneity and geographic mobility on crime can be
explained without recourse to concepts like informal social control or
collective efficacy. In particular, we seek to argue that there is a large
body of evidence . . . supporting the assumption that parenting factors
mediate most if not all of the relationship between structural variables
and juvenile participation in crime.
Although not motivated by confirmatory research strategies, the work presented in
this thesis aligns with these statements. It, too, engages in a study that does not seek
the recourse of mediating micro-social variables, although that decision was made
as a means of isolating experiences in spatial modelling in large-scale studies. Both
281

CHAPTER 12. IMPLICATIONS FOR THEORY

12.6. Structural instability

studies are also similar in addressing relationships between crime in the dependent
variable, SDT-derived structural variables and family as a mediator.
The reassignment of disruption to a role as mediator reduces the level of support
that might otherwise be granted to SDT, especially when complete mediation is
observed. This is due both to the fact that an improved account is offered by
a more parsimonious model and, with complete mediation, that other structural
variables no longer exhibit direct association with crime. The criticism levelled by
Weatherburn and Lind is reflected in outcomes presented here. That is, were the
secondary Sydney study not explored, a conclusion of good support for SDT would
have been declared – spatial complexity notwithstanding. However, observations of
complete mediation alter that assessment.

12.6

The challenge of structural instability

Chapter 11 explored structural instability in Chicago. This introduced an additional
variable, a categorical variable indicating dominant racial presence at a threshold of
75%, with classes defined as “Black”, “Latino”, “White” and “none”. The veracity
of this approach is confirmed, suggesting the need for a consideration of “race” and
crime, bearing in mind that the variable of interest is an ecological measure of racial
dominance23 . Thus, “race”-based segregation is discussed as a spatially evident
variable in the Chicago case study.
Initial exploration revealed consistent outcomes with respect to this variable
and Violence: Latino-dominant tracts did not differ from those with no dominant
racial presence, while Black-dominant tracts experienced significantly greater violence and White-dominant tracts experienced significantly lower Violence – all relative to “none” (no dominant group). The diagnosis of structural instability was
supported and an intercept-slope regime-switching model was observed to provide
best outcomes in OLS. This model exhibited spatial autocorrelation in the residuals
and the model-selection algorithm identified a Spatial Durbin Model as the preferred
model which resolved the issue of spatial autocorrelation in the residuals.
This was used to explore the possibility that racial segregation defined spatial regimes – discrete regions which are subjected to different parameterisation in
modelling. In this case, spatial regimes defined regions identified as predominantly
Black, Latino and White (relative to “none”). This suspected structural instability
was confirmed, and a spatial regime-switching model was developed. Figure 12.10
presents the traversal schematic of results for the selected Spatial Durbin Model.

23

Parallel to this discussion is the very substance of “race” as a concept, presented as a reflective
summary in appendix T. Sufficient for current purposes is the observation that many cultures
incorporate “race” as a demographic category, with observable political and socio-economic effects
(Templeton, 2013).
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Figure 12.10: Traversal schematic – Chicago spatial regimes SDM
(tables 11.17 to 11.19)
To simplify interpretation of this model, it is considered in three parts.
First, the expansion of the model to address structural instability results in
little change to prior effects. The number of significant traversals is reduced in
all variables except urbanisation, and – while all maintain significance in direct
effects – two variables no longer include significant indirect effects (Disadvantage
and Heterogeneity). With the exception of these exclusions from the initial Chicago
results, outcomes are identical. One interpretation of this result is that the model
provides no improvement to a limited notion of SDT over the initial model, but
the results may have “masked” potential benefits in accommodating for structural
instability arising from a landscape of marked segregation.
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The second part is that which specifies classes in the segregation variable: Black,
Latino and White. The reference class is “none”, indicating tracts for which a level
of 75% racial homogeneity was not observed. As a reference class it absent from
results. Additionally, Latino is not indicated in the schematic due to no significant
effects relative to mixed areas. As a categorical variable, the interpretation differs
from others in the research. For example, “Black” does not indicate a continuous
variable representing a measure of Black residency. Rather, it indicates that the
associated results apply only to Black-dominant tracts. This is the fundamental approach adopted by the regime-switching model in managing structural instability:
in addition to shared characteristics (those described above) are those which are
separately parameterised – or “switched” – for each regime. As an intercept-slope
model, these results indicate the presence of an intercept component that is based on
class membership. Thus, the lack of significant effects for Latino-dominant tracts
indicates no substantial difference to those regarded as non-segregated24 . Direct
effects for Black-dominant tracts indicate increased in violence with no feedback
loops. At first glance, indirect effects suggest some protective effect for the presence
of extra-local Black-dominant neighbourhoods. However, this reading is complicated
by the fact that this is a cumulative effect (based upon a single negative entry in
W0 “zero-entry” slot for indirect impacts, and indicated by the join in the diagram).
In other words, with no additional single-traversal indication to suggest otherwise,
the complex spatial interactions that lead to reduced rates of violence from extralocal presence of Black-dominant tracts does not involve immediate neighbours. Nor
does it appear to involve significant contributions from more remote neighbours up
to four traversals distance. In fact, the protective indication given for extra-local
Black-dominant areas might reasonably be interpreted as one arising directly from
the concentration of violence in removed segregated Black areas. Finally, an interpretation of White-dominant tracts resembles an inverse reading of Black-dominant
ones. Complex indirect effects with no significant entries up to four traversals indicates broad aggravating effects for violence arising from extra-local sources. Again,
this may reflect the strength of segregation in that increasing distance of Whitedominant tracts from the local area is indicative of increased risk of violence. With
respect to direct effects, White-dominant tracts experience lower rates of violence
than mixed tracts. An additional level of complexity to that observed for Black
direct effects occurs in the cumulative positive effects that arise over multiple traversals. These occur as remote spatial feedback responses to White-dominant areas.
Again, the reading is not intuitive. However, one interpretation is that in highly
segregated environments areas identified as White-dominant may attract externally
24

This resonates with an effect widely known as the “Latino paradox”. This will be discussed
below (in subsection 12.6.2), but in summary describes a situation whereby Latino-dominant areas experience better social outcomes in health, crime, etc., than might be expected given their
exposure to disadvantage.
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sourced violence.
The third part of the interpretation addresses remaining effects. These are significant interaction effects, in which structural variables (from the first part of the
interpretation) interact with classes in the categorical variable for segregation (from
the second part of the discussion). The interpretation of such effects is that the
reading for structural variables occurs in the case that the specific class in the categorical variable applies. The simplest case – urbanisation – is presented first by
way of example. White-dominant tracts exhibit additional direct effects such that
increasing urbanisation indicates protection against violence; these are limited to
the local area. The opposite is true for Latino-dominant tracts, where increased
urbanisation is associated with increased violence. All additional interactive effects
apply only to White-dominant tracts. In short, White-dominant tracts are at additional risk of violence in environments with increased mobility and disadvantage,
from both local and extra-local sources.
Segregation involves the sorting and the separation of groups based on socially
constructed criteria such as race, religion or class, with the observation that – since
“separate is rarely equal” – exclusions or constraints usually apply (Kramer, 2018,
p.321). In the U.S., race/ethnicity is the strongest consistent basis for such segregation (Jargowsky, 1997). The association of race/ethnicity with disadvantage is so
strong that it is included as a component in some compound indices of disadvantage
(e.g., Butler et al., 2012; Messer et al., 2006)25 .
Despite its dwindling relevance to contemporary science, “race” is an important
concept in understanding the structure of social-economic inequity (Cooper, 2013;
Fox, 2017; Williams & Eberhardt, 2008). Therefore, in the case of observable patterns of racial homogeneity, it offers the possibility of explaining spatial variation
in many variables of interest. As such, for studies conducted on highly segregated
environments, it provides a strong basis for a priori expectations of structural instability – which partly motivated a re-examination of the Chicago results. Results
invite a number of theoretical positions. Given some additional treatment due to
its inclusion arising as an unanticipated factor, segregation is elaborated upon in
terms of: (i) the “racial invariance” thesis; (ii) social justice issues; (iii) structural
instability; and (iv) structural violence.

12.6.1

The “racial invariance” thesis

Wilson (1987) explains observations regarding elevated levels of social problems
(including crime) in Black-dominant neighbourhoods as due to the concentrated
disadvantage which they are forced to endure. White-dominant neighbourhoods
experience less disadvantage and, therefore, reduced social problems. Thus, the
25

Of course, doing so precludes further investigation into the relationship between racially segregated populations and other factors in disadvantage.

285

CHAPTER 12. IMPLICATIONS FOR THEORY

12.6. Structural instability

position is that structural conditions account for the spatial distribution of crime in
a manner that leaves them “invariant across race” (Sampson & Wilson, 1995). This
position has received considerable support (e.g., Hannon & DeFina, 2005; Krivo
& Peterson, 1996; Sampson et al., 2018) but has also produced a large body of
contrary evidence (e.g., Laurence, 2015; Parker & McCall, 1999; Paternoster et al.,
1998). Others recommend “caution and uncertainty about the notion that structural
sources of violence affect racial/ethnic groups in uniform ways” (Steffensmeier et al.,
2010, p.1133).
The proposed “uniform” effect of structural variables across racial lines is a
position that strongly reflects SDT’s ecological theorising about criminogenic environments. In fact, Shaw and McKay (1972 [1942]) may have articulated the racial
invariance thesis when they stated that “. . . diverse racial, nativity and national
groups possess relatively similar rates of delinquents in similar social areas” (p.156).
The bulk of the following discussion deviates from the racial invariance thesis –
and, therefore, from SDT. This is for two reasons. The first is that in exercising
the caution recommended by Steffensmeier et al. (2010) it is important to broach
theoretical alternatives. For example, unqualified support of the racial invariance
thesis ignores the discrepancies involved. For example, it has been noted that the
worst conditions of disadvantage in White-dominant neighbourhoods are better than
the average levels of disadvantage experienced in Black-dominant ones (Sampson,
1987). The racial invariance thesis also disregards evidence of race-based power
imbalances and discrimination (Unnever, 2018). The second reason for exploring
alternative theories is based on results in the structural instability study. Blackdominant areas fail to indicate interaction with Disadvantage, suggesting that the
spatial distribution of such disadvantage is explained by the variable. On the other
hand, White-dominant areas demonstrate additional positive association between
disadvantage and violence – significant for direct, indirect and total effects, and for
multiple orders of neighbourhood traversal. This aligns with results from Ousey
(2006), who found that for homicide the effects of disadvantage were observed to be
stronger for Whites than other races.
This suggests a consideration of the differential effects of segregation by racial
group, which are presented as social justice issues.

12.6.2

Segregation as a social justice issue

In considering these spatial regimes from a sociological perspective, each of the
three major racial groups is presented, with a social justice framework guiding the
discussion in terms of “Black disadvantage”, “White privilege”, and the “Latino
paradox”. The discussion is prefixed by table 12.1, which demonstrates relationships
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between spatial regimes and Disadvantage26 .

Table 12.1: Disadvantage by “race”
(in order of increasing mean)
Dominant race (75%)
White
none
Latino
Black

Mean

StdDev

n

-1.0625
-0.2697
0.4518
0.8222

0.6254
0.7233
0.7010
0.7602

156
302
85
251

Mean of (z-transformed) Disadvantage is 0

12.6.2.1

Black disadvantage

Results in chapter 11 indicate significant, positive associations with Violence for
Black-dominant tracts (bottom-right, figure 11.8, page 239)27 .
This result is not unexpected and is widely reported in the literature. Black male
violence has been described as “one of the most significant challenges confronting
America” (Oliver, 2003, p. 280), and historically entrenched Black association with
violence and incarceration as indicating “dismal and worsening odds” (Sampson &
Wilson, 1995, p. 37).
Three broad theoretical positions on the cause of this problem are28 : (i) “culture
of violence”; (ii) “culture of poverty”; and (iii) “structural”.
Culture of violence theories assert the existence of cultural conditions whereby
(Wolfgang & Ferracuti, 1967, p. 158):
. . . overt use of force or violence, either in interpersonal relationships or
in group interaction, is generally viewed as a reflection of basic values
that stand apart from the dominant, the central or parent culture.
26

Presentation order breaks with convention elsewhere in the thesis (alphabetical) in favour of
an order which benefits the discussion – Black, White, then Latino. Histograms for Disadvantage
are provided in figure I.10; descriptive statistics are in table 4.2.
27
This is also evident in the significant positive direct effects in table 11.15, and reflected in the
partitioned direct impact table (11.17) where it is positive in W0 . Further exploration of partitioned
impacts reveals why these effects are not apparent in total impacts. This is due to a significant
negative effect in W0 for partitioned indirect effects (table 11.18). This is an expected “zero entry
slot”, and is interpreted as a complex cumulative effect from all orders of neighbourhood. However,
it has the effect of nullifying total impacts due to the contrary signs. Interpretation should focus
on positive direct effects on Violence from the local area, together with complex negative indirect
effects from extra-local sources.
28
This is derived from two sources. The first is from Oliver (2003), who divides theories into
“structural” vs “cultural”. The second is from Bump (2014), who divides into “the Black culture
option”, the “culture of poverty” option, and the “racism exists” option. The first two are treated
here as different cultural theories, and the last as a structural one. The word “culture” is adopted
in the discussion in deference to common usage, with the understanding that “subculture” is a
more appropriate alternative since it exists within a broader cultural landscape, often defined in
terms of “mainstream” values.
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That is, members conform to a set of values which incorporate violent options. This
may take the form of prescribed use of violence in maintaining status, managing
disputes, achieving goals and exerting social control. The result is proliferation and
normalisation of violent behaviour. When applied as an explanation for high rates of
violent crime specific to Black communities, “culture of violence” theories essentially
ascribe normalised patterns of violent behaviour to the Black population at large.
The argument has been criticised on a number of grounds, notably perpetuating
racial stereotypes (Covington, 2003; Surratt et al., 2004), circularity of argument
(Kornhauser, 1978), and failure to include alternative socio-structural factors such
as targeted processing of Black youth in the criminal justice system (Madriz, 1999).
The thesis has little contemporary support and even the more fundamental notion
of a cohesive “Black culture” is questioned (Jones & Luo, 1999).
Culture of poverty theories consider violence a response to conditions of poverty
and disadvantage. As such, it clearly expresses the sentiments of racial invariance.
It is usually attributed to Oscar Lewis (1966a) based on ethnographic studies conducted with the urban poor in Mexico and Puerto Rico. Lewis emphasised the
importance of “culture” as a positive, adaptive response to deprivation. However,
it also incorporates fear and suspicion of outsiders and spawns inter-generational
character traits such as fatalism and helplessness (Lewis, 1966b, p. 50):
The culture of poverty is not only an adaptation to a set of objective
conditions of the larger society. Once it comes into existence, it tends to
perpetuate itself from generation to generation because of its effect on
the children. By the time slum children are six or seven they have usually
absorbed the basic values and attitudes of their subculture and are not
psychologically geared to take full advantage of changing conditions or
increased opportunities, which may occur in their lifetime.
The “culture of poverty” thesis is often misconstrued as an attack on the victims
of poverty or that governments conspire to keep them there (Patterson, 2000). The
concept of an enduring culture of poverty also resonated with populist vilification of
a contemptible social underclass, and the theory was often erroneously attacked on
those grounds (Bourgois, 2015). Nevertheless, it is widely associated with dysfunctional attitudes and deviant behaviour similar to that proposed in the “culture of
violence”. In this case, when used to explain higher rates of Black violence, the argument is applied indirectly on the basis that Black communities often suffer increased
disadvantage. That is, while less inherently associated with a proposed pro-violent
Black culture, violence is a cultural response to entrenched poverty affecting Black
neighbourhoods. However, the argument has been criticised for its bias as well as
lack of historical structural framework (Bourgois, 2015). Furthermore, studies question attitudinal differences between impoverished and non-impoverished individuals
(Jones & Luo, 1999).
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Structural theories in this context address the influence of external factors such
as institutional forces, socio-economic disadvantage and discrimination29 . Structural explanations focus on situational conditions that differentially favour various
demographic elements – in this case, race. This resonates with ecological schools
of thought such as that embraced by social disorganisation theorists. For example,
while not dismissing cultural causes, Sampson and Wilson (1995) raise the question
as to how supposedly uniform cultural effects explain Black crime when rates vary
substantially between cities: “are we to assume that this subculture is three times
as potent in, say New York as in Chicago?” (p. 41). In particular “concentration effects” (Wilson, 1987) are noted, in which neighbourhoods are strongly disadvantaged
by various effects. The two discussed here are disadvantage and (due to historically
rooted discrimination) race itself. With respect to explaining high rates of exposure
of Black communities to violence, structural theories acknowledge that racism may
account for racially aligned experiences of disadvantage30 . Black-dominant tracts
reveal highest mean Disadvantage (chapter 11 and table 12.1). Alexander (2012)
describes Black disadvantage as caste-based, defined as a “a stigmatized racial group
locked into an inferior position by law and custom . . . [resulting in] . . . legalized discrimination and permanent social exclusion” (pp. 12-13). This does not require
intent by those in power, but may be sustained by indifference. An indication of the
embeddedness of disadvantage and race is evident in the following map (figure 12.11)
by Morenoff and Sampson (1997), which indicates tract-level disadvantage (using
1970 data); the comparison with maps of race-based spatial regimes (figure 11.3) in
the current research is striking.

29

This differs from the previous two theories which emphasise a “cultural” basis for violence –
with “culture” defined in terms of social forces that emanate from within. Thus, culture addresses
“rules of social life” (Sewell, 1992), with the understanding that these “rules” are internalised.
These are workable distinctions for current purposes, although some suggest that definitions are
unclear, that “culture” and “structure” intersect and that a binary distinction is not always apparent (Gans, 2012; Sewell, 1992).
30
As a matter of personal belief, the following is noted. The “culture of violence” argument –
that Black “culture” embodies violent behaviour – is dismissed. Structural arguments are preferred
as most relevant expressions of the research being undertaken. This is explained principally in
terms of historical forces for racism at all levels, including institutional. There is no need to
dismiss “culture of poverty” theories, as these may (or may not) conceivably coexist with structural
arguments. For example, structural theories might explain the discriminatory basis for Black
exposure to violence directly, or they might explain the exposure to disadvantage which, in turn,
may suggest a “culture of poverty” explanation for violence. A need to discriminate between these
alternatives is not within the purview of the current research.
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Figure 12.11 has been removed from this version of the Thesis for Copyright reasons.

Figure 12.11: Map of the “Socio-economic Disadvantage Factor” in Chicago
(1970) at census tract level – reproduced from Morenoff and Sampson (1997, fig. 1,
p.44)
12.6.2.2

White privilege

White-dominant tracts demonstrate consistently lower Violence relative to those
with no racial dominance (bottom-right, figure 11.8, page 239)31 . This is matched
by the lowest mean Disadvantage of all groups (table 12.1). When stated in such
terms, this suggests a racially relevant effect. However, “Whiteness” remains relatively transparent and unexamined in explorations of inequality (Lopez, 1996). The
concept of “White privilege” is intended to advance the proposition that race studies need to address the invisibility of “whiteness as the norm” and not just consider
“race” effects in terms of racially marginalised “others” (Guess, 2006)32 . The neutrality and non-particularity of “White” as a racial group is countered by reference
31

This is also evident for significant negative direct effects in table 11.15. Partitioned impacts
reveal otherwise hidden complexities as follows. For direct effects (table 11.17), the negative impact
is evident in W0 . However, a positive effect is indicated for W1 , a supposed “zero-entry” slot in the
table which therefore indicates complex cumulative effects from higher orders of neighbourhood.
This cumulative positive effect is also evident in W0 for partitioned indirect effects (table 11.18).
The results of contrary signs is reflected in a lack of significance for total impacts (table 11.19).
However, this is noted as a side effect of how spatial complexity is indicated rather than a statement
about overall significance of White-dominated tracts for Violence, which is otherwise consistently
evident.
32
More accurately, the non-neutral aspect of “Whiteness” may be readily apparent to those
with minority representation.
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to “privilege” to accentuate that unearned benefits arise on the basis of membership,
both directly or as immunity from certain burdens (Dyer, 1997; Harris, 1993; Lipsitz,
1998; Pawley, 2006; Rothenberg, 2016). Thus, race-based inequality is partly reproduced by means of positive biases associated with White identity. Unlike aggressive
and overt forms of racism, White privilege confers advantage – or, at least, facilitates
access to improved opportunity – with the benefit of an extremely low profile, not
necessarily requiring intent beyond simple day-to-day living within highly racialised
broader social conditions. Where segregation is strongly entrenched (evident in the
outcomes of chapter 11) even the racially structured conditions may be rendered less
apparent, and the relative invisibility of “privilege” maintained. This facilitates a
view of racial inequality as a condition of minority “others”, perpetuated by a racial
“colour blindness” that has been referred to “racism without racists” (Bonilla-Silva,
2003).
White racial identity in America incorporates subtleties that play out in historical patterns of immigration to Chicago. Scandinavian migrants from the late
19th century embodied Whiteness in terms of both identity and privilege (Jackson,
2019)33 . Prevailing views of Scandinavians as representative of ethnic/racial superiority within Europe idealised them as candidates for model citizens. Highlighting
the social construction of race in the context of Whiteness, some migrated as one
race – for example, “Italian” (Guglielmo, 2003) or “Irish” (Ignatiev, 1995) – and
transitioned to “White” over time.
However, “Whiteness” often concealed a duality between “race” and “colour”
whereby people could be vilified for their ethnicity, but be rescued by their colour.
For example, Guglielmo (2003, p.9) states that:
. . . while Italians suffered greatly for their putative racial undesirability
as Italians, South Italians, and so forth, they still benefited in countless
ways from their privileged color status as whites.
That is, in the US – and clearly evident in Chicago – southern Italian immigrants
were protected from being cast in the lowest social rung in society (as they were in
33

To put this into context, positivist forces in anthropology reinforced populist beliefs in racial
groups which were physically and intellectually hierarchical. The so-called “Caucasoid” family was
elevated to a position of superiority over others and was in itself subject to division and hierarchy.
Armed with callipers, anthropometric factors were used to define and separate European “races”.
Some division was complex (e.g., that of Deniker, 1889, who proposed at least ten European
“races”), but typically tripartite divisions were used. William Ripley (1899), in The Races of
Europe, proposed “Nordic” (initially “Teutonic”), “Alpine” and “Mediterranean” – from superior
to inferior. This division was further popularised by Madison Grant (1916), who identified as
“Nordic”, and argued for stronger hierarchical differences between “races”. Scandinavians were
part of this “Nordic” group – which also included Great Britain, northern Poland and northern
Russia. Racial membership was fluid in response to prevailing historical conditions. The Irish were
later promoted to “Nordic”, whereas French involvement in war demoted them from “Nordic” to
“Alpine”. This brief excursion into “race science” – that is, pseudo-scientific foundations for racism
(in this case applied to White “races”) – provides a glimpse of how White migrants were received
in the burgeoning growth of Chicago and the US generally.
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the “Old Country”) by the dual operation of race-colour hierarchies. The victim of
oppression in one system (“race”), they were protected by the other (colour) and
therefore received the benefits of being White34 .
Denney et al. (2018) observed that the probability of death (from any cause) is
increased for less affluent residents living in more disadvantaged neighbourhoods –
but only for White residents. This is of interest as the only additional interaction
effects for disadvantage are positive for White-dominant tracts alone.
With respect to theorising the empirical evidence for race-based spatial regimes
in Chicago, White privilege contributes to an understanding of the Black-White
polarisation which is evident in the results of chapter 11. However, the insignificant association of Latino-dominant tracts with crimes raises a different theoretical
position, not addressed by binary polarisation.
12.6.2.3

The “Latino Paradox”

A considerable body of evidence supports positive associations between disadvantage and rates of crime. In Black-dominated tracts, experiences are typically high
for both, with the opposite true of White-dominant tracts. Results in table 12.1
indicate high levels of mean Disadvantage for Latino-dominant tracts (at 0.45) –
not as high as for Black-dominant ones (at 0.82) but much higher than mean White
Disadvantage at -1.06. Interpolating from results for Black- and White-dominant
tracts, the expectation is that high mean levels of Disadvantage result in accordingly
high outcomes for crime and violence. However, correlation for Latino-dominant
tracts with Violence is consistently insignificant (tables 11.14 to 11.19). This apparent disruption to the correlation between disadvantage and crime is referred to
as the “Latino paradox” (Sampson, 2008b), although the term is not constrained
to criminology; for example, Latino health outcomes have been noted as exceeding
expectations derived from their socio-economic status (Campbell et al., 2012).
Discussion of the Latino paradox is typically framed in terms of immigration –
an approach adopted here in the first instance.
Chicago’s industrial growth was fuelled by waves of migration, as summarised
– from its inception to the birth of SDT – in chapter 2. As noted, these exhibited
spatial effects, creating patterns of ethnic and racial segregation amidst city-wide
diversity (Waldinger & Lee, 2001). These “enclaves” created further “pull” effects for
immigrants who may have been attracted to well-established migrant communities
within the city.
Mexicans developed patterns of en-masse immigration to Chicago from around
34

Guglielmo (2003) states that this protection was not always maintained for southern Italians
and they were openly attacked in Chicago’s newspapers on occasion. However, this attack only
emphasised the race-colour distinction as it proceeded on the basis of questioning their colour
in terms that suggested relationship with “coloured” and “Negroid” people, with the undesirable
social characteristics understood to be inherent to such colour identity.

292

CHAPTER 12. IMPLICATIONS FOR THEORY

12.6. Structural instability

1910 and maintained community presence throughout the 20th century. They were
often less educated than Black migrants to the city, but were successful in creating
community and employment “niches”. Jobs were typically poorly paid, often at the
lower end of manufacturing sector. When manufacturing crumbled in the late 1960s,
Mexicans either managed to keep a foothold in the industry or found poorly-paid
service-sector work. As manufacturing was revived in the 1980s – despite job cuts
and relocation from core urban areas – Mexicans maintained a strong presence and,
on this basis, demonstrated better association with the labour market than Blacks,
despite educational disadvantage and poorly-paid positions.
Immigration across the US had fallen dramatically in the mid-1900s, but catapulted in the new millennium such that by 2011, 13% of the population was foreign
born (from around 5% in 1970) – with almost one-third of new immigrants coming from Mexico (Britz & Batalova, 2013, cited in Zatz & Smith, 2014). This was
accompanied by increased populist racialisation of crime, with strong growth of
the Latino population fuelling public concern and the politicisation of the fear-ofcrime (Feldmeyer & Steffensmeier, 2009). This reaction is one that Chavez (2008)
refers to as the “Latino Threat Narrative”, dismissing it in terms of generic mistrust of immigrants and assumptions of their negative effects on society. Sampson
(2008b) concurs, relating expectations that crime rates are driven up by immigrants
to assumptions that immigrant concentration represents disadvantaged and socially
disorganised communities35 .
Early social disorganisation theorists, Thomas and Znaniecki (1958 [1918-1920]),
proposed a link between immigration and low crime rates from a cross-generational
perspective. They proposed that older migrants located in crime-ridden areas tended
not to be engaged in crime as they were bound by an existing culture of “OldWorld” norms and were better able to cope despite the upheaval of moving from
peasant communities to industrialised ones. However, the second generation did
not inherit these Old-World norms. Nor did they fully adopt those of the new
world. Therefore, it was proposed that they were at higher risk of turning to crime
themselves. The proposal has contemporary support from observations of (mostly
Mexican) immigrants in Chicago over three generations36 . Results suggest that the
apparent “protection” provided by immigration from engaging in violence weakens
over successive generations (Sampson, 2008b; Sampson et al., 2005).
However, while patterns of Latino segregation in Chicago are explained by racial
exclusion and discrimination (Betancur, 1996) – as is the case for Black residents –
Latino migrants in the US have started to settle outside traditional receiving com35

Despite well-entrenched views of immigrants being associated with lower moral character
and increased rates of crime, the evidence has consistently suggested this belief to either not be
substantiated or that negative relationships were observed (Akins et al., 2009; Graif & Sampson,
2009; Nielson & Martinez, 2009; Reid et al., 2005; Sampson, 2008b; Sampson et al., 1997).
36
“Generations” relate to arrival, starting with foreign-born immigrants as 1st -generation immigrants.
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munities (Harris & Feldmeyer, 2013) and into ones where Spanish is not the predominant language (Shihadeh & Barranco, 2010). This sets the foundation for an
alternative narrative regarding the mitigating factor(s) that give rise to the “Latino
paradox”. The alternative is founded on observations that the “paradox” appears
to be more relevant to established communities than those arising from more recent patterns of immigration. Taking this into account, Shihadeh and Barranco
(2010) argue that the association between economic deprivation and homicide (as
established by Land et al., 1990) holds. That is, the “paradox” does not exist.
This proposal suggests that the role of immigration as a mitigating factor is no
longer direct, but instead reduces the “Latino paradox” to a methodological problem indicating a failure to distinguish old and new settlement patterns. For current
purposes, it is proposed that reference to the “Latino paradox” is justified on the
following four grounds. First, it identifies observations seen in research results in
chapter 11, which indicate lower rates of violence than expected given the levels
of Disadvantage observed in segregated Latino communities. Second, these tend to
represent more established Latino communities and on this basis the theorising of
the “paradox” is not dissimilar. A substantial body of literature suggests a protective effect from immigration (e.g., Hagan & Palloni, 1999; Lee & Martinez, 2009;
Sampson, 2008b; Vélez, 2009) as an explanation of the “Latino paradox”, where
concepts such as Old-World norms may be introduced. The proposal by Shihadeh
and Barranco (2010) is that older Latinos migrate to “safer” and more established
enclaves, where the protective factor is proposed to be cultural and linguistic support (Shihadeh & Barranco, 2010). This is supported by claims that, despite poor
socio-economic conditions, there may be a density of social ties in Latino enclaves
that provide a protection against crime (Wilson & Portes, 1980). Meanwhile, broad
migration statistics mask more recent settlement where such support is not evident
and the “paradox” is not observed. In either case, theories of how Latino experiences with disadvantage are buffered against crime are similar. What differs is
an argument about extent. Third, patterns of more recent Latino migration (e.g.,
Ready & Brown-Gort, 2005) indicate that newer settlements occur outside of the
study area with those observed in chapter 11 being more traditional. Finally, the
research focus on patterns of racial dominance erases the differences between these
viewpoints since observations are collapsed into established Latino enclaves. Summarising these points, a “paradox” is observed in areas exhibiting high levels of
Latino dominance, which are the more established communities; as such, differences
between apparently opposing theories regarding the existence of a “Latino paradox”
are sidestepped in favour of the empirical results. Mitigating factors may well be
issues of density of cultural ties, linguistic support and cultural support.
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Segregation and structural instability

This subsection draws upon discussions presented above and contextualises them in
terms of forces responsible for extreme racial segregation which presents as structural
instability in chapter 11.
Evidence of racial disparity in Disadvantage has been presented above (table 12.1
and subsection 12.6.2). This corresponds with discussions in the literature on “race”,
structural disadvantage and crime. With respect to disparity between race and
disadvantage it has been claimed that even the more affluent of Black residents
commonly experience concentrated disadvantage and do so at a level that is worse
than the poorest Whites (Massey & Tannen, 2015; Peterson & Krivo, 2010). This
combines with observations – resonating with those presented here – that structural
disadvantage is not only commonly associated with violence but also explicitly associated with racially aligned disparities in rates of violence (Light & Ulmer, 2016; Peterson & Krivo, 2010). This situation corresponds to what Peterson and Krivo (2010)
call the “racial-spatial divide”. They articulate this as a hierarchical arrangement,
with areas of highest White segregation in areas of least disadvantage (and least
crime), the opposite situation for segregated Blacks, and shifting situations between
these extremes for segregated Asian and Latino populations. There is also a matter
of the quality of segregation as experienced by Black residents. Although these issues of “racialized community structures” (Peterson & Krivo, 2010) extend to racial
segregation generally, the inequity embodied by the strength of Black segregation is
specifically targeted as a source of disadvantage that is historically persistent, ongoing and qualitatively different from other racial groups (Adelman & Gocker, 2007;
Martin & Varner, 2017; Peterson & Krivo, 2010). Rather than a singular measure of
racial “concentration”, as adopted here, Massey and Denton (1989) assert that segregation is better approached as a more complex, multifaceted concept which they
define in terms of five dimensions. The condition in which segregation is indicated
in all of these dimensions is referred to as “hyper-segregation”. The relevance of this
concept is that it is racially-aligned. Hyper-segregation is significantly more likely
to occur in segregated Black communities than others. Approximately one-third of
African-Americans in U.S. metropolitan areas live in hyper-segregated conditions
(Massey & Tannen, 2015), with Chicago listed as one of the affected cities. Thus,
hyper-segregation – and the concentrated disadvantage inherently associated with
it – most strongly affects Black residents (Massey & Denton, 1989, 1993; Wilkes &
Iceland, 2004). This reflects qualitative differences in the experiences of Black residents in a segregated urban environment (relative to others), leading Massey and
Denton (1989, p.373) to conclude “. . . that blacks occupy a unique and distinctly
disadvantaged position in the U.S. urban environment”.
It is clear that race-based segregation emerges as a force for structural instability
with direct consequences for the social conditions – including criminogenic ones –
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experienced by residents. Three primary mechanisms for segregation are discussed:
within-group preferences, economic circumstances and discrimination.
12.6.3.1

Segregation arising from within-group preferences

The most direct association between residential preferences and segregation is that
residents elect to explicitly self-separate by choice (Iceland et al., 2002; Logan et
al., 2002). This might eventuate by forces which attract and those which repel. In
terms of attraction, strong shared cultural affiliations might encourage individuals
to bond spatially as a community. This presents a potentially positive outcome from
segregation in the increased density of social ties, the preservation of cultural values
and the maintenance of local support structures (Peach, 1996). However, attraction
of “like to like” may be amplified where cultural assimilation with the dominant
society is under-developed (Allen & Turner, 2005). Without necessarily diminishing
the potential for value within segregated communities in terms of cultural solidarity, studies of Black and White preferences (in particular) suggest more complex
forces at play. These include “push” effects as well as “pull” effects, and differ by
race. For a start, and in contrast to the cultural solidarity argument just presented,
there is little evidence to suggest Black residents prefer to live in segregated Black
neighbourhoods. Blacks and Whites both prefer White neighbours and associate
higher ratios of Black residency with increased social problems – including crime
(Harris, 2001). This belief risks secondary effects such as concerns about potentially
diminishing property values – which may prove to be the more prominent source
of influence. This supposed shared preference for White neighbours has ripple effects that affect thresholds differently for Black and White residents. Krysan and
Farley (2002) present some examples based on a survey study. Whites may be resistant to move to areas with more than a very low Black presence. Meanwhile, Blacks
strongly indicated a preference for a 50-50 balance of Black and White residents, and
that only a small Black presence within predominantly White areas was sufficient
to satisfy concerns about neighbourhood racial composition.
Perhaps the most fascinating aspect of preference-based proposals for segregation arises from simulations which demonstrate that such preferences need not explicitly favour non-integrated neighbourhoods for segregation to occur. In a series of
evolving publications on agent-based simulation, Thomas C. Schelling (1969, 1971a,
1971b, 1972, 1978) established that complex patterns of macro-level segregation
could arise from extremely simple preferences exercised by agents operating at the
micro-level. Results validated preference-based development of segregated landscapes. Surprisingly, setting agent preferences for strong tolerance to integrated
neighbourhoods still resulted in segregation when even a weak aversion to being an
extreme minority was also preferred. Recent work confirms these experiments, finding that integrated societies are unstable in simulation when even mild preferences
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for neighbours is expressed (Clark, 1991; Clark & Fossett, 2008). Observations that
initially integrated environments may be “tipped” into irreversible, complete segregation – even when agents have preferences for mixed neighbourhoods – suggests
that agent-based modelling is a potentially useful abstraction for appreciating racebased social dynamics in urban America (Zhang, 2011) when exploring preference
as the cause.
Thus, it is apparent that the relationship between choice and segregation may be
direct – in the case that segregation is the preferred outcome – or indirect – in the
case that various preferences for specific levels of integration nevertheless result in
strongly segregated outcomes. However, the capacity to exercise choice is not evenly
distributed through a population, leading to a consideration of socio-economic status
and discrimination as additional factors in segregation studies.
12.6.3.2

Segregation arising from economic conditions

Segregation may also arise from economic conditions. This leads to a discussion of
“locational attainment” theories of residential segregation37 . In its simplest form,
an economic explanation for segregation is founded on the capacity for the more
affluent to exercise their residential preferences, whereas the same degree of choice
is unavailable to the less affluent. This results in a landscape segregated by socioeconomic status. Where economic standing is strongly associated with race – as in
the Chicago case study – racial segregation results (Kaplan & Woodhouse, 2004).
For example, it is claimed that Blacks and Latinos tend to complete less formal
education, populate occupations with lower status, have reduced earning potential
and less wealth compared to Whites (Charles, 2003). This is reflected in results for
mean Disadvantage by “race” in table 12.1.
This situation sets the foundation for the Chicago School interest in ecological
zones (as exemplified by Burgess’ concentric zone theory) and accompanying concepts of dominance and succession. Newly arrived, poor migrants would cluster in
cheap, unsanitary accommodation near to employment while the wealthy would live
further afield – removed from the squalor of industry that fuelled the city’s engine
for success and growth. Succession occurred when financial circumstances improved
sufficiently to allow buying into better quality of life associated with more less disadvantaged areas. This process of succession is also reflected in high mobility statistics for the more disadvantaged areas38 . The proposed process is well represented
in the broader literature by “spatial assimilation theory”. Based upon the ethnic
37

Foreshadowing this discussion, one such theory – that of spatial assimilation – is discussed
here, while another – that of place stratification – will follow.
38
This statement needs qualification. The capacity for the abstraction to reflect reality is
dependent on other economic circumstances, most notably the ability of the urban poor to improve
their fortune to the extent that outward migration is rendered feasible. Ecological succession follows
in response. A widening gulf between the poor and the affluent may disrupt this, as might patterns
of direct settlement in wealthier areas by more affluent arrivals.
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assimilation theories of Gordon (1964) spatial assimilation proposes that individuals
improve their circumstances by moving to better areas (locational attainment) by
acquisition of necessary resources (Massey, 1985). Conversely, moving to neighbourhoods with improved conditions and higher status reaffirms a trajectory of social
success through embracing cultural ideals of the dominant society. Generally, it is
understood that the longer immigrants have lived in the U.S. – with the supposition
that they devote some of that time to improving English, education and income –
then the more likely they are to live outside of ethnic neighbourhoods (Clark, 2003;
Clark & Blue, 2004; Logan et al., 2002). As a result, spatial assimilation also suggests that trajectories of minority socio-economic success collectively result in levels
of increased absorption into the dominant – i.e., White – society and reduced levels
of minority segregation (Alba & Nee, 2003; Farrell, 2016). The persistence of racebased segregation suggests a number of possibilities regarding spatial assimilation
theory, including: (i) Some segregated areas may be resilient due to positive associations by the immigrant group, as in “China Town” and “Little Italy” communities
(Pamuk, 2004), suggesting that within-group choices override locational values held
by the dominant society; (ii) Spatial assimilation may be unobserved in the data,
such as when cross-sectional data of a segregated community appears static in failing to reveal underlying processes of resident out-migration and new arrivals; (iii)
Spatial assimilation may be retarded by fast rates of migrant arrival and slow rates
of socio-economic attainment (Massey, 1985); and (iv) Spatial assimilation fails to
account for those who cannot pursue their aspirational goals, and where this failure
occurs along racial lines the theory fails to apply to those racially segregated communities. This last example is particularly relevant. One of the problems with the
spatial assimilation model is that, while it appears to apply well to Asians, Latinos
and Whites (including non-English-speaking ethnic Whites) it typically fails to account for the residential patterns of Blacks (Logan et al., 1996; Woldoff & Ovadia,
2009). This introduces the issue of discrimination to the discussion39 .
12.6.3.3

Segregation arising from discrimination

The previous discussion presented a model of “progressive spatial assimilation into
society” (Massey, 2001, p.339) by minorities pursuing a trajectory of reasonably
unfettered locational attainment. Clearly, the dynamics of this process may be
affected by broad socio-economic forces. They can also be highly specific to a given
racial group. That is, Blacks and Latinos may be held back from the advantages of
locational attainment due to a stronger presence in lower-status end of the labour
market. Clark (1986) makes this case when claiming that segregation in American
cities may be fully explained by factors such as decentralisation of the job market,
39

While most studies reinforce findings that spatial assimilation does not account for Black
patterns of locational attainment, it is not universally the case (Myles & Hou, 2004; Waren, 2013).
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economics and information – in addition to residential preferences. The contrary
claim is that such factors do not fully explain the strength of Black segregation
(Charles, 2003; Galster, 1988). Place stratification theory states that discriminatory
practices explain the difference. That is, while resources may indeed be a factor in
locational attainment, so is race (Charles, 2000; Logan & Alba, 1993; Malega, 2019).
Discriminatory factors ensure that racial groups experiencing long-term prejudice
(Blacks) require greater access to resources than do privileged groups (Whites) to
achieve locational parity. That is, the very cost of making residential decisions is
different for Blacks than for Whites. This situation arises from well-documented
examples of institutional racism which resulted in a “dual housing market that
[constrains] the mobility options of blacks” (Charles, 2003, p.182).
While spatial assimilation may account for Black and Latino segregation on the
basis of social indicators such as education and income, this may not account for
the degree of segregation. As Woldoff and Ovadia (2009, p.72) note, according to
the spatial assimilation model, after
. . . controlling for individual differences in resources, it is expected that
the racial/ethnic differences in neighborhood quality will disappear. However, the place stratification model predicts that racial/ethnic differences
in neighborhood quality will exist even after controlling for disparities
in human and financial capital. . . Because of systematic discrimination,
members of minority groups are not expected to receive the same benefits from their human capital and wealth as Whites. . . . The inability
of African-Americans and Latinos to translate their resources into residential outcomes as efficiently as their White counterparts is likely to be
reflected in the lower quality of their neighborhoods relative to Whites
with similar socioeconomic profiles.
For Blacks in particular, the obstacles are highly resistant to attempts at corrective
action. Improved educational outcomes and higher incomes do not give any options
for locational advantage over those with lesser educational attainment and lower
income. The outcome is greater socio-economic diversity in segregated Black communities as residents with increased income and education are unable to purchase
their way out of areas with lower quality of life in the way that Whites and Latinos
might. This also bodes poorly for intergenerational change. It suggests that even if
efforts to reduce race-based gaps in education and income prove successful, following
generations will still suffer inequity in locational attainment compared to other races
(Woldoff & Ovadia, 2009).
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Structural violence

A confluence of structural variables, rates of violence and racial dominance has been
noted in the Chicago study. In particular, the co-location of structural disadvantage,
increased levels of violence and Black-dominant areas demands a reconsideration of
the concept of “violence” from that which motivated the research. “Violence” was
defined in criminal terms (subsection 1.1.3), resonating with the broad motivational
aspects of the research. However, this subsection inserts the concept of “structural
violence” into the discussion. Notably this is not presented as an extension to the
dependent variable but is discussed as a basis for theorising how race-based segregation evolves into structural instability and, ultimately, affects criminal violence in
the dependent variable.
Kent (2011) argues the case for four types of violence. One of these is physical
violence – which motivates the current research and forms the dependent variable
in regression studies. The remaining three – economic, political and cultural – are
indirect types of violence, and correspond to the concept of “structural violence”
(Galtung, 1969, 1991). Consistent with other uses of the word “structural” in describing variables in this thesis, use of this qualifier suggests violence that occurs
in the absence of specific actors directly committing the act (Galtung, 1969). In
terms expressed in section 2.3, structural violence operates in the absence of agency
– be it collective or individual. While individuals may experience harm as a result
of any form of violence, in the case of structural violence that harm may arise from
more subtle, often gradual, but far-reaching effects interwoven into fabric of social
structure itself. Furthermore, there may be no physical act of aggression and even
“intent” may be absent. The victims of structural violence may not be readily identifiable on the basis that the victimology may be collective in nature. Examples of
structural violence include social exclusion, racism, psychological harm, alienation,
lack of access to services, heightened exposure to corruption and reduced state protection (e.g., Winto, 2004). The “invisibility” of structural violence is apparent in
these examples, which may appear to have no aggressors, no intent, no moment in
time when an incident was committed and, often, no sense of targeted victim. What
structural violence does have, however, is a set of structural conditions which result
in conflict and harm. Confining “violence” to those forms with evident intent and
agency is a limitation that fails to notice violence in its more pervasive forms (Dilts,
2012). An example comes from Hunt et al. (2015), who observe that mean life expectancy in poorest areas of Chicago is almost 15 years less than in more affluent
areas. Despite the lack of immediacy, intent, and aggressors the result is violence
in the sense that lives are ended prematurely. It is “structural” in that causality
arises from a multitude of factors such as accommodation, education, employment,
inequality, environmental conditions, pollution, etc. The importance of the concept
of structural violence to the current study is that it represents a point of departure
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for many traditional theories of violence. Its status as largely invisible and typically
normalised by everyday experience (Jabri, 1996; Winter & Leighton, 2001; Zakrison et al., 2019) may also explain its under-representation as a concept in violence
studies. It is mentioned here to suggest that chronic exposure to structural violence
may be a causal factor in high levels of direct violence. If so, differential exposure to
structural violence in highly segregated environments may be expected to indicate
spatial effects that suggest structural instability.

12.7

Summary

With the bulk of the thesis devoted to spatial data and its modelling, this chapter has
been presented as a “book-end” to the opening chapters. Seven issues are presented
in summary.
First, the modelling selection process introduced in chapter 7 has been demonstrated to be an effective basis for choosing spatial econometric models from the
model suite.
Second, prior discussion about the strength of theory as a basis for interpreting
causality (section 8.3) is reconsidered in a broader reflection on causality. This
contextualises the previous discussion, provides a basis for differentiating extraneous
variables representing spurious associations from mediating variables, and raises the
issue of reciprocal causality.
Third, case studies are briefly considered in terms of the possible support for
SDT. Consistency of spatial results enables an easy assessment of such without demanding that spatial complexity in the models be accounted for. Sydney indicates
good support for SDT with all structural variables indicating significant, positive
association with violence – with the exception of heterogeneity which failed to indicate significance. Chicago showed similar levels of support with the exception that
heterogeneity and urbanisation were both significant but presented varying signs
which required spatial interpretation. Support for SDT is declared as “mixed”.
Fourth, mixed outcomes from heterogeneity prompted a first – albeit minor –
challenge to SDT. The issue is defined in terms of potentially different contemporary
expectations of diversity compared to more traditional experiences. In the case
where macro-structural variables are used as “indicators” of social disorganisation –
even if that relationship is implied – the increased support given to the notion that
diversity might be protective against violence poses a question: should the result flag
reduced support for SDT, or should the usefulness of the indicator be reconsidered?
Historically, SDT has demonstrated a capacity to evolve; on the other hand, the
presence of at least the three structural variables in the classical formulation is one
of the theory’s defining characteristics.
The fifth issue is also presented as a “challenge” to SDT. Experiences with spatial
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analysis and modelling prompted a reflection on “space”. As an ecological theory,
SDT is fundamentally spatial. However, it is possible to use spatial modelling of
spatial data and nevertheless impose a theoretical response to the results that differs
little from the tradition inherited from the Chicago School. The comment reflects
similar opinions presented over the last two decades. From a position of strong
theory, this may not be the limitation it may be regarded as. On the other hand,
results generated by data-driven processes produce numerous considerations such as
global versus local effects, the different influences of spatially treated dependent and
independent variables, feedback loops and partitioned impact measures that reveal
spatial complexity over multiple orders of neighbourhood traversal. From this perspective, results may not be satisfied by existing theoretical offerings. One of the
issues is that in stripping away elements of spatial complexity, a qualitative change
results in the scenario they represent. The differences between these perspectives has
leveraged the concept of spatial autocorrelation to distinguish “locatedness” from
“geography”. The latter adds interactivity between spatial objects to place-based
accounts of space. The “challenge” that this poses for SDT is open to speculation. From a “theory-led” position, observations of spatially nuanced results may
be simplified for the purposes of assessment, as done in section 12.4 in deriving a
“mixed” level of support for SDT. Alternatively, and most clearly associated with
“data-driven” perspectives, where theory does not accommodate spatial complexity
evident in the outcomes, the theoretical response appears lacking. Sampson (2012,
p.260) suggests a potential middle ground when stating that spatial richness might
be treated as an augmentation, and that “spatial processes can . . . be considered a
new layer of effects added on to the durable community processes”.
Sixth, the reassignment of a variable from covariate to mediator is presented as
another challenge to SDT. This summarises the findings presented in chapter 10, in
which family disruption was found to mediate the effects of disadvantage and urbanisation on violence. Two issues are noted. The first is that complete mediation
results in a threat to traditional interpretations of SDT. The second is a methodological issue and reflects concerns raised by Weatherburn and Lind (2006) who criticise
some SDT research on that basis that it stops at the point of theory validation and
fails to explore alternatives. In the case of the Sydney study, an assessment of good
support for SDT was altered by further exploration that revealed the role of family
disruption as a mediator rather than covariate. Although not explored, diagnostics
from Chicago suggest that similar outcomes would not be unexpected.
The final issue is the challenge that structural instability raises for SDT. The
discussion introduces a number of issues that might accompany the highly segregated landscape of Chicago, including differential social justice outcomes dependent
on racially-dominant group, causes of segregation that may affect crime outcomes
and the concept of structural violence as a potentially under-represented influence.
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The fracturing effect that spatial regimes represent across a landscape may not be
well accommodated by SDT unless, for example, results are separately considered
by spatial regime for theoretical interpretation. In the case of highly segregated
environments, addressing structural instability presents layers for theoretical interpretation that might otherwise not be suggested. The methodology might also be
applicable to other fractured environments such as the strong night-time economy
in Sydney’s CBD and similar areas, where results may be biased due to a high
non-resident population within the areas.
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13
Conclusions

This chapter concludes the thesis and provides:
 a brief overview;
 a summary of principal results;
 a note on limitations; and
 a statement of emerging possibilities.

13.1

Overview

Crimes of violence impose considerable costs which ripple through the economic,
social and psychological fabric of society. As such, the fascination with crime – and
the fear of it – often exceeds its victimisation footprint. Nevertheless, whether it
is experienced or anticipated, crime – and especially violent crime – is regarded as
strongly relevant to large sections of the community as it is to criminology itself.
Sydney and Chicago were selected as case studies in the exploration of the spatial distribution of urban violence, and Social Disorganisation Theory (SDT) was
adopted as the theoretical lens. SDT was presented as a direct response to three
historical forces:
 Urbanisation in Chicago – which provided a unique set of observations (of

crime, demographics and social conditions), motivating sociological study and
providing the basis for an ecological vision of the urban environment;
 Increasing credibility in the sociology of deviance – which provided a frame-

work from which to approach urban studies; and
 Developments in spatial methods – which provided a methodological basis

for exploring spatial observations and marrying them to ecologically oriented
theoretical propositions.
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Ultimately, these factors form the foundation upon which SDT emerges, with urbanisation generating a highly organic focus of study, sociological theories presenting
the theoretical lens and spatial methods providing the “glue” by which spatially
relevant concepts of the city and spatial data were incorporated into an ecological
theory of crime and delinquency.
Chicago was a world-leader in major civic engineering works, canal and rail
transport, electrical and communications technologies, agriculture, finance, manufacturing, the development of retail centres, suburbanisation, skyscrapers and much
more. It grew massively in population, density and urban footprint, and its achievements in urbanisation recognised as a global exemplar of the pinnacle of human
endeavour. Its very growth was a stimulus for further growth, and became an incentive for migration from around the globe. Migrant settlement demonstrated different
spatial patterns, sometimes attracted to previous migrant communities, sometimes
proximal to employment, sometimes based upon seasonal and circulatory migratory
pathways. As a result, organic patterns of growth responded to class, “race” and
“ethnicity”, developments in transport links, disasters (such as the Great Fire), the
arrival of the automobile, and processes of suburbanisation. With rapid growth came
social problems and crime. Chicago’s successes as the epitome of urban development
masked many of its failures, a polarisation that was expressed spatially – as with
most aspects of the city’s development. Problems were inevitably blamed on the
poor or minority racial / ethnic groups. With its magnificent growth, the landscape
was nevertheless fractured – physically by transport links and socio-economically by
inequitable participation in the spoils of the city. Social reformists arose to address
the problems affecting women, many workers and minority groups. These observations summarise the conditions to which SDT responded. Of particular interest is
that such conditions appear globally unique and often extreme, such that one might
expect the theory to be over-fitted to specific conditions in time and place. Indeed,
this was one of the criticisms of SDT in its period of decline, especially as cities
started to change structurally, functionally and spatially. Nevertheless, SDT has
created an enduring presence in criminology. This has been assisted by evolutionary
forces at play, fundamentally reshaping SDT in terms suggested by the discussion
of its period of resurgence from the late 1980s (subsection 2.2.4). However, the
focus of the work presented in this thesis was to revisit SDT as a macro-structural
theory – albeit with structural variables that augment the classical formulation – in
order to explore that theory in the context of contemporary developments in spatial
methodology.
Resonating with spatialised observations within the city, the adoption of spatial
research methods were integral to the work of the Chicago School. This often took
the form of “spot” maps, indicating locational data, and basic statistical methods for
processing them. It is reasonable to suggest that spatial methods were so essential to

305

CHAPTER 13. CONCLUSIONS

13.1. Overview

the ecological foundations for SDT that theory development and methodology were
tightly integrated. Such a relationship raises the possibility that theorisation is not
only propelled by methodological capabilities, but also constrained by its limitations.
In the advances represented by spatial technologies of the time – such as “spot maps”
– lies a suggestion of evidence for a limited ecological view represented by “locatedness”. As developments in computation, spatial analysis and algorithmics heralded
a new era in which the long-recognised concept of spatial autocorrelation could be
incorporated in methodology, the directions of theoretical response remained open
for exploration. The work presented in this thesis sought to engage with this in
terms of SDT’s roots – rather than the many evolutionary branches developed in its
name following its period of resurgence. It pursued a not-uncommon approach in
realising SDT in terms of theoretically derived macro-structural variables (e.g., as
presented in hypotheses to multiple STD scenarios by Bruinsma et al., 2013). The
fundamental concept in taking the analysis beyond co-location is spatial autocorrelation. In this case, lattice statistics were employed and spatial econometric methods
were applied in the modelling. One of a number of model selection methods was
applied to a modelling suite of five possibilities – OLS, SAR, SEM, SLX and SDM.
This selection process was evaluated as part of the research, including comparing
preferred models to others excluded from the modelling suite – SDEM, SAC and
GNS.
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Principal results

A summary of results is presented in two parts: (i) statement of findings; and (ii) a
response to the open research questions.

13.2.1

Findings

 Spatial Durbin Models are developed for Sydney and Chicago that provide a

good explanation of violence;
 Initial models show moderate support for Social Disorganisation Theory on

the basis that spatial complexity is treated as a “layer” of abstraction;
 Family disruption consistently demonstrates strongest alignment with SDT,

while heterogeneity is observed to be contrary to expectations;
 In Sydney, family disruption is shown to fully mediate the influence of other

variables on violence, with speculation that it may have similar effect in
Chicago;
 Black-dominant areas in Chicago are observed to have highest rates of violent

crime, highest rates of disadvantage and strongest levels of segregation from
other racial groups – while White-dominant tracts are at the other extreme,
and Latino-dominant tracts in between;
 Chicago is shown to exhibit structural instability based on patterns of segre-

gation;
 Regime-switching regression is found to provide a sound basis for responding

to structural instability;
 Differential effects in Chicago are noted by area of racial dominance –

e.g., White-dominant tracts are more sensitive to disadvantage and Latinodominant tracts to urbanisation, while spatial impacts of disadvantage for
black-dominant areas are fully conveyed by effects of segregation;
 Both full mediation and structural instability suggest potential challenges to

theory, as do the nuances raised by spatially complex results; and
 Full explanation of violence across all modelling scenarios requires the in-

clusion of spatial complexity involving direct and indirect influences over
multiple orders of neighbourhood traversal.
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Response to questions

Motivating questions were raised in section 1.7 and discussed in chapter 12. A quick
summary is provided here.
13.2.2.1

Results concerning methodology

The first methodological result to report is the decision to orient the research strategy to exploratory (as well as explanatory) processes. This was appropriate to the
adoption of “theory-led, data-driven” research – with exploratory research strategies reflecting the “data-driven” component and resulted in a responsive research
process. In particular, while the first round of results produced outcomes that were
broadly supportive of SDT, further exploration in mediation analysis and regime
switching models lured results away from reasonable alignment with SDT and into
alternative assessments. In the initial Sydney study, results could be interpreted
as providing better-than-moderate support for SDT – with the exception of heterogeneity. Further exploration in mediation analysis suggested a more parsimonious
model might be considered in which the effects of structural disadvantage and urbanisation on violence were mediated by family disruption. In the Chicago study,
initial results might suggest moderate support for SDT and, again, might suggest
termination of the study on that basis. However, results were found to effectively
“mask” the effects of segregation. In both Chicago studies, results for structural
variables were similar. That is, parsimony – and a confirmatory focus – may have
favoured the initial model, whereas an exploratory focus allowed Occam’s Razor to
be discarded in favour of including important additional elements in the form of
segregation. The inclusion of segregation invites a more diverse body of theory into
the discussion in attempts to accommodate the fractured landscape.
The second methodological result is an evaluation of the spatial model selection
process as adopted from Elhorst (2010a). With the exception of the algorithmic
pathway to SEM – which was not required – all models were estimated by application
of the selection algorithm across all four studies. Diagnostic tests were applied not
only in the course of the implementing the selection algorithm but for post-diagnostic
evaluation. Furthermore, the results were compared to diagnostics for models both
inside the model suite and as extensions to it. Overall, results indicate that the
models selected by the process match those which would be selected on the basis of
manually comparing the results of all models. This is not only an endorsement of the
process, but provides confidence to decisions made on the basis of model selection.
13.2.2.2

Results concerning variables and implications for theory

The first important observation is that all spatial models include a significant effect
in the spatially treated dependent variable. This means that a relationship exists
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between local and extra-local violence. A causal explanation is that extra-local
violence arises in response to local violence (and vice versa), which accords with
diffusion theories of violent behaviour. Depending on effects within the model – as
global or as local effects that ripple throughout the landscape – this may correspond
to diffusion processes that are either hierarchical or contagious. The explicitly spatial effect potentially represents a challenge to strong etiological theories, including
some accounts of SDT, since explanation of the cause of violence is partially dependent on the effect of violence. The importance of this outcome is that bi-directional
causality is suggested. Given that data are cross-sectional, this observation is necessarily constrained to spatially distributed bi-directionality of the dependent variable.
However, while SDT is not antagonistic to this result – nor to more expansive explorations of reciprocal causality – it is also not inherent to the theoretical grounding
typically adopted for research purposes.
The second observation concerns variables which align with expectations derived
from SDT. Disregarding that they embody levels of strong spatial complexity within
the data, these variables are consistent for disadvantage, residential mobility and
family disruption.
The third observation is that heterogeneity (in particular) and urbanisation
present contrary results to those which might be expected from SDT. In the case of
urbanisation, results are mixed.
The fourth observation is that family disruption consistently provides strongest
support for SDT but also indicates the greatest degree of complexity in terms of
neighbourhood traversals. It fully mediates all other structural variables in Sydney.
Similar diagnostics suggest the likelihood of the results being repeated for Chicago.
In Sydney, disadvantage and urbanisation indicate significant positive association
with family disruption, lending support to theories outside of SDT that favour a
causal relationship from areas of concentrated disadvantage to family disruption to
increased likelihood of neighbourhood delinquency and crime. The effects of full
mediation pose a challenge to SDT in terms of more parsimonious outcomes and the
accompanying suggesting that simpler theoretical options might be applied.
The final observation is that spatial patterns of segregation in Chicago are sufficiently strong to respond to required separately parameterised models based upon
areas of racial dominance. Segregation is indicated by a new, categorical variable.
The structural instability it represents is a challenge for traditional expositions of
SDT. The socially fractured landscape is explained by multiple theories, including
those recognising historically entrenched patterns of discrimination. In ecological
terms, this raises the question as to how well SDT responds spatially to the effects
of dominance. Results suggest an answer in two parts. The first part is that from
a confirmatory perspective, SDT might fair well. This is based on observations of
very little difference in violence and the five structural variables between the initial
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Spatial Durbin model for Chicago and that which incorporates regime-switching to
provide separate parameterisation. Thus, the additional round of modelling might
be interpreted as reducing parsimony with no apparent benefit to confirming theory.
Thus, SDT has established that it is responding to spatial confluences of variables,
even if these relationships are capable of further explanation. This might be described as the “theory-led” response. The second part of the answer finds value
in casting aside Occam’s Razor when such forces are so strongly established. This
position finds the increased explanatory power compelling, and might be described
as the “data-driven” response. The challenge for SDT under this account is that
it applies differentially rather than uniformly. For example, while Black-dominant
areas indicate worsened outcomes for violence, the spatial representation of this is
embedded in the additional disadvantage inherent to Black-dominant communities;
on the other hand, White-dominant areas indicate increased sensitivity to the effects
of many structural variables derived from SDT. This suggests a theoretical account
that departs from those such as models of spatial assimilation – which readily align
to ecological accounts presented by SDT – and instead favour models that incorporate forces that fracture the landscape – such as place assimilation. This introduces
factors such as discrimination into the theorising of violence in strongly segregated
urban environments.
13.2.2.3

Results concerning “space”

While univariate spatial autocorrelation was evident in the work of the Cartographic
School, formalisation of the concept is variously attributed to Cliff and Ord (1969)
or to Tobler (1970). It was not until the late 1980s that analytical and modelling
responses to what Cliff and Ord introduced as “The Problem of Spatial Autocorrelation” started to become viable within a spatial econometric framework, principally
in the form of SAR and SEM (Anselin, 1988a, 1988b; Anselin & Griffith, 1988).
Additional developments would proceed through the 1990s with the Moran scatterplot (Anselin, 1996) and LISA plots (Anselin, 1995). However, the methods used
here have only become feasible within the last decade (e.g., LeSage, 2014; LeSage &
Pace, 2009, 2010). Each of these phases in spatial analysis required a confluence of
significant developments in computational power, algorithms (including simulation
techniques where analytical solutions are too complex) and theory. However, the
call for spatial autocorrelation to be embraced by criminology – rather than dismiss
it as a “nuisance” effect – is also relatively recent (e.g., Merriman, 2015; Townsley,
2009). Additionally, while texts on spatial criminology appear to be heeding that
call (e.g., Braga et al., 2016; Weisburd & Eck, 2019), journals dedicated to spatial
criminology have yet to appear.
One of the fundamental issues addressed by SDT is to explain variations in
crime over space (Heidt & Wheeldon, 2015). Shaw and McKay (1972 [1942]) not
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only observed such variation, but noted that it appears relatively stable over time
despite population turnover. The result is an ecological concept of crime etiology
from which the idea of criminogenic place emerges. However, that concept appears
to be limited to co-location and fails to explicitly recognise a role for spatial autocorrelation in theory. Accordingly, SDT-derived research typically does not address
spatial autocorrelation in methodology. This approach has been referred to (in discussions in chapter 12) as one which focuses on “locatedness” . Moving beyond
the limitations that local structural characteristics spatially co-vary with crime suggests a richer concept of space which incorporates a Toblerian sense of “geography”.
Results in the research indicate a “geography” of violent crime (the dependent variable) in both case studies. This observation also applies to all structural variables
(the independent variables). Furthermore, the selection of spatial models which offer improved performance over non-spatial ones indicates that structural variables
relate to violence in such a way that demonstrates a “geography” of criminogenic
space. This indicates that fundamental claims of ecological schools of criminological
thought are reinforced in the presence of spatial autocorrelation. Results suggest
that accounting for a richer spatial environment in the analysis offers an improved
explanation for spatial relationships in the data. This justifies recommendations
to adopt models of “space” which exceed that of “locatedness”. However, while a
richer concept of “geography” provides improved results in empirical modelling –
honouring the otherwise hidden spatial complexity in the data – the same intricacy
poses a challenge to criminological theory.

13.3

Limitations

The first limitation is one that has been given prior mention – that of the possible misalignment of areal units to meaningful social units. Four comments are
warranted. First, this is not perceived as a threat to spatial analysis or modelling
per se. Certainly, crime concentration is observed at multiple scales apart from
the “neighbourhood” scale (Yang et al., 2014), and may therefore be analysed and
explored on those terms. The concern is that SDT is typically expressed in terms
of neighbourhood effects. Second, observations of possible spatial autocorrelation
of the residuals in the initial Sydney model might suggest the possibility that analytical and social units are mismatched (de Graaff et al., 2001). However, other
factors might also be responsible, such as influence of latent variables which are inherently resistant to quantification (Baller et al., 2001) or the influences of excluded
unobservables (Cook et al., 2015). Furthermore, the problem of spatial autocorrelation in the residuals was alleviated in the second Sydney study in which it was
revealed that family disruption fully mediated other structural variables. The third
comment is that comparative study might be affected by differences in scale – and,
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possibly, different degrees of regularity – between Sydney and Chicago. This observation may be suggested by the increased spatial complexity in Chicago relative to
Sydney, possibly in response to the smaller areal units in Chicago articulating to
larger spatial phenomena. This resonates with the concept of community presented
by Suttles (1972), who suggested that meaningful social units may exist at multiple
scales. This proposes that communities exists as ever-more-inclusive hierarchical arrangements of neighbourhoods rather than flat bounded areas. The final comment
is that the potential for mismatch between jurisdictional units and those which residents perceive to be neighbourhood boundaries is a known problem (e.g, Hart &
Waller, 2013). The issue is that SDT, as the theoretical lens, invokes concepts such
as “social organisation”, “collective efficacy” and “informal social control”. While
these concepts have remained largely implied in the focus on macro-structural variables, the heart of SDT is formed on the basis that they develop on the basis of
community-level engagement. Thus, a spatial mismatch risks fracturing the tight
association between theory and analysis. In response, it is noted that “neighbourhood” is conventionally defined by administrative units such as census tracts in
most community-level research, although this is a pragmatic decision reflecting data
availability (Boggess & Hipp, 2010). In the Chicago case, at least, this may be supported by observations that census tracts are intended to be broadly homogeneous
with respect to population, socio-economic status and quality-of-life issues.
The second limitation takes the form of a cautionary note that is relevant to
spatially aggregated data in general. This is the Modifiable Areal Unit Problem
(MAUP) (Openshaw, 1981; Openshaw & Taylor, 1979) The issue relates to the
possibility that aggregation of spatial data into differently defined areal units may
result in a set of different results (Bailey & Gatrell, 1995). Attributes of the areal
units (shape, size, configuration) may directly affect analytical outcomes in ways
which are typically unknown (Openshaw & Taylor, 1979). It has been declared that
there is no analytical solution to the problems it may pose (Fischer, 1999; Openshaw,
1981). The MAUP has been described as exhibiting two effects (Fischer, 1999): (i) a
zoning effect as evident in rezoning boundaries of a given number of areas within an
environment of constant size; and (ii) a scaling effect from using a smaller number of
larger units. The inherent nature of the problem – and the fact that it may neither
be removed or ignored – leaves only that it should be acknowledged and cautious
interpretation advised (Wong, 2008).
A third limitation is that the research stops short of actively engaging with theory construction. Results show that using SDT as a launchpad for exploring violent
crime indicates that structural variables exhibit a considerably more complex spatial
relationship than that allowed by early theoretical accounts. With the sole exception that it includes an augmented variable set, Social Disorganisation Theory has
been reduced to its most fundamental form in adopting it as a theoretical frame-

312

CHAPTER 13. CONCLUSIONS

13.4. Future work

work for the research. One of the important results of the study is that outcomes
have challenged SDT even in this most elemental form. It is suggested that for this
challenge to be articulated into a well-considered theoretical response, further work
is required (as described in section 13.4). Strengthening of the evidence produced
in the current research suggests one of three theoretical responses: (i) that SDT
maintains its current trajectory as the basis for research into neighbourhood effects
– in which case observed spatial complexity may be interpreted as a layer of detail superfluous to broader theoretical interests; (ii) there is sufficient commonality
across case studies to warrant a revised, spatially nuanced interpretation of SDT
– including the likelihood that it becomes the vehicle for integration with lowerlevel theories; or (iii) the observations of increased spatial complexity lead to broad
dismissal of SDT for the study of contemporary urban environments – leading to
a second period of decline in the face of advancing methodological options. These
responses are stated in order of increasing severity of impact posed by the exposure
of spatial complexity hidden within the data. The relationship between criminology
and spatial autocorrelation is likely to be at the core of which response is favoured.

13.4

Future work

This section presents two types of future work: (i) that which follows by extension;
and (ii) that which approaches spatial complexity evident in the research outcomes
from a new direction.

13.4.1

Extensions

Brief mention is given to potentially interesting future work which was previously
explored in the early stages exploring the current research cycle. These are noted as
extensions to the current programme and consist of further exploration within the
current case studies, additional case studies, alternative spatial theories in criminology and the application of different paradigms in spatial analysis.
13.4.1.1

Further exploration of the case studies

The Sydney case study revealed that re-purposing family disruption from a covariate
to a mediator resulted in a more parsimonious model that questioned the role of other
structural variables. This, in turn, raised questions about traditional applications
of SDT. Therefore, it is proposed that mediation analysis be applied to the Chicago
case study after accommodating for structural instability. This would not only
satisfy the need for further exploration following data-led cues, but present a point
of dialogue with a large body of literature concerning issues such as family disruption
in the context of racially segregated urban environments.
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The reverse situation – exploring structural instability within the Sydney case
study – is not suggested by study-wide results – and certainly has no clear basis in
terms of population demographics or segregation. One related possibility, however,
concerns spatially centralised aspects of the night-time economy in Sydney. The
functioning of this economy may bias results for violent crimes as non-residents travel
to these areas in large numbers for entertainment purposes. A simple exploration of
structural instability may reveal a number of concentrated areas which may warrant
modelling with spatial regimes. In this case, dummy variables would represent
designated entertainment postal areas versus others, prior to mediation analysis for
family disruption.
13.4.1.2

Alternative case studies

London was initially included in early stages of the research as a third case study
(Home Office, 2015; London Gov, 2021; Metropolitan Police, 2021). While meeting
all of the criteria expressed in section 1.2, it was excluded from the bulk of the
research in order to reduce the case load. A number of additional Open Data
portals were also explored in early stages of the research. These are also clear
contenders for extending the case-study profile of the research presented in the thesis.
In the UK, this includes Bristol (City of Bristol, 2021); in Australia, Melbourne
(Crime Statistics Agency, 2021); and in America, a number of cities such as Denver
(Denver Police Department, 2015), Philadelphia (City of Philadelphia, 2021) and
San Francisco (City of San Francisco, 2021).
13.4.1.3

Alternative spatial theories

Some additional criminological theories that beckon for further explorations in spatial analysis include: (i) Routine Activities Theory, which incorporates the “routine
activities” of motivated perpetrators, guardians and targets as the basis for spatial
analysis of crime (Cohen & Felson, 1979; Felson, 1987); (ii) Crime Pattern Theory,
which also includes (a more localised) analysis of the criminality of “place” in terms
of the modelling of offenders, targets and guardians (Brantingham & Brantingham,
1993, 1981); (iii) Pockets of Crime, for its observations of changes to crime activity patterns at different scales (St. Jean, 2002, 2007); and (iv) Relative Deprivation
Theory, for its contributions to the importance of relative deprivation in the circumstances leading to crime — e.g., spatially contiguous areas of affluence and poverty
(Blau & Blau, 1982; Blau & Golden, 1986; Blau, 1977; Chamlin & Cochran, 2006;
Runciman, 1966).
Of particular relevance to the approach to spatial analysis taken in this thesis are
those theories where “disorder” (rather than “‘disorganisation”) is central. Sampson et al. (2002) flagged this as one of the important social-interactional issues in
“neighbourhood effects” studies.
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The “Broken Windows” thesis (BWT) was first articulated in an issue of Atlantic
Monthly by James Q. Wilson and George Kelling in 1982. Its fundamental premise
– that the control of lesser crime is a means of preventing more serious offences –
has exerted dramatic influences on policing globally (leading to a practice known
as “maintenance policing”). In fact, BWT has been described as one of the most
important pragmatic influences on policing in two decades (Hinkle & Weisburd, 2008;
Skogan, 2012). Kelling maintains that the strong application-based aspect of the
BWT is evidence of its veracity in theory, reinforcing the immediate ramifications
for policing policy and crediting it with statistics of crime drop (Kelling, 2008).
Although “disorder” is typically attributed to BWT due to its fundamentality,
the theory was strongly influenced by prior accounts of “disorder” (Hinkle, 2014).
It has been described as “. . . an untidy collection of conditions and events that often
fall on the fringe of issues that have traditionally concerned the criminal justice system” (Skogan, 2012, p.186). Broken Windows presented the first integrated account
of disorder from a criminological perspective. Since the mid-1990s interest in the
relationship between crime and disorder has mushroomed (Gault & Silver, 2008).
It is posited that neighbourhood disorder is regarded by potential criminals as a
signal that the neighbourhood is open for criminal activity — with little chance
of repercussions. In turn, even minor crimes serve as indicators of neighbourhood
disorder and suggest low levels of social control. Disorder is observable and might
include abandoned buildings and cars, evidence of poor maintenance, litter, graffiti, poor lighting, bad aesthetics, discarded syringes, smashed windows and general
deterioration of the urban environment. Sampson and Raudenbush (1999) refer to
such observations as physical disorder ; they define social disorder in terms of rowdy
groups engaged in arguing and fighting, harassment, solicitation, public consumption of alcohol and intoxication, etc. They emphasise the importance of the concept
by stating that: “Physical and social disorder in public spaces are . . . fundamental to
a general understanding of urban neighborhoods” (Sampson & Raudenbush, 1999,
p.604).
Theoretical differences exist about the precise role of disorder1 . BWT places
crime as a consequence of disorder: disorder leads to fear of crime which leads to
physical and social withdrawal and a resultant loss of neighbourhood social control,
reduced quality of life and greater vulnerability to further disorder and increased
crime (Kelling & Coles, 1996; Skogan, 1990). Sampson and Raudenbush (1999)
present a contrary view of disorder, suggesting that it is not a causal agent for crime
but rather an interwoven aspect of it. They find that the same factors that explain
predatory crime – principally concentrated poverty and poor collective efficacy –
also explain disorder (at the neighbourhood level) and as a result dismiss the role of

1

This hinges upon an issue of causality which has been mentioned in section 12.2 in the context
of spuriousness.
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disorder in BWT2 . Thus, the primary differences in theoretical treatment of disorder
in crime etiology are between those theories that place disorder as a causal agent in
crime (e.g., BWT) and those that regard it as a component of crime (e.g., SDT).
However, a survey of empirical studies on the actual role of “disorder” reveals mixed
outcomes. Consider the following four cases. A longitudinal study in Seattle, Washington, found that neighbourhoods with little or no disorder experienced negligible
incidents of violent crime while high levels of disorder did predict violence, albeit in
only in 30% of cases (Yang, 2010). Another study on Chicago found no support for
the role of physical disorder on violent crime, but support for the effects of social disorder and collective efficacy (Yang, 2010). A reciprocal relationship between crime
and disorder was suggested by Geller (2007). And yet another study claims to have
shown that the disorder-crime relationship proposed by the BWT fails (Harcourt
& Ludwig, 2006). Elements of the theory have also been employed in explaining
gentrification in Chicago, where the ecological consequences of physical disorder are
extended from an account of deleterious local effects to include a basis by which
elites take advantage of the apparent neighbourhood degradation; this is referred to
as the “opportunistic disorder paradigm” (Parker, 2018), and is an example of new
effects that may be exposed in modelling.
While it might seem unlikely that large-scale datasets provide sufficient resources
to operationalise disorder, early exploration revealed the Chicago data portal (City
of Chicago, 2015) as one example of a source that makes such a study feasible. The
attraction of this as a basis for future work is that much of the preparation has been
completed and research may commence with some relatively simple data cleaning.
Examples of the kind of data that could contribute to a proxy for “disorder” include:
(i) for social disorder, certain crimes (such as prostitution) available from the same
crimes database used in the current research (Chicago Police Department, 2015); and
(ii) for physical disorder, locational data from “311 calls” (service requests) available
from the Chicago Data Portal (City of Chicago, 2015) – which includes issues such
as reports on graffiti, abandoned vehicles, sanitation code complaints, street/alley
lights out, pot holes and abandoned buildings. As an example of how these data
present spatially, figure 13.1 indicates locations of reported abandoned buildings
created for the year 2010 in exploring the idea in early days of the research3 .

2

This is just part of the theoretical debate. For example, the research by Sampson and Raudenbush (1999) has been criticised by Gault and Silver (2008) for misinterpreting the Broken Windows
thesis and for missing an alternative explanation for the results obtained in their study.
3
The issue of abandoned buildings alone is a source of criminological interest (e.g., Chandar &
Dean, 2016; Spelman, 1993)
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Figure 13.1 has been removed from this version of the Thesis.

Figure 13.1: Abandoned buildings in Chicago, based on 311 calls (2010)
13.4.1.4

Alternative analysis paradigms

One of the secondary interests in the research has been an evaluation of the selected spatial econometric models. This has indicated favourable results. However,
as briefly mentioned in chapter 6, alternative approaches to analysis and modelling
exist and – given that they depend on fundamentally different criteria (and require
a different “world view”) – might offer additional insights. As well as areal statistics used in spatial econometrics, point-process and geostatistical alternatives were
briefly described. The latter is discussed as a potentially valuable basis for comparison in future work.
Informally, geostatistical data are those which are assumed defined at any location in bounded space but are observed at specific locations – typically as a matter of
pragmatism (Bivand, Pebesma, & Gómez-Rubio, 2013). The intent is to infer characteristics of the process responsible for the spatial distribution of the variable(s) of
interest and the values of the variable(s) in areas which have not been observed – an
interpolative process known as kriging. Typical examples of such data include those
from climatic and geological sources, and may include activities such as inference
about ore grades in unmeasured locations based on data from a number of observed
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sites4 .
Crime events are not usually interpreted from a geostatistical paradigm and there
is distinct paucity of criminological research that employs it. Geostatistics regards
the variable of interest as a random function that is characterised by a random
variable at each location in the domain of interest on which fixed observations are
made, whereas the default view of crime events is probably one of a random number
of events located according to stochastic processes – a perception which might lean
more towards point-process statistics. However, this also paves the way for investigating the use of geostatistics as a potentially exciting methodological alternative
in spatial criminology.
Examples of existing criminological research that incorporate geostatistics are
often as interesting as they are atypical. One is the paper by Calderón (2009)
which compares spatial regression techniques using ordinary kriging applied to basic crime data in Columbus, Ohio; outcomes included that kriging provided better
results (with smaller errors) than spatial regression. Another example is a geostatistical study of homicide in Cali, Columbia, which provided useful results about
the distribution, anisotropy and correlates of homicide — with direct implications
for crime-prevention policy (Ortega et al., 2012). In a final example, kriging was
found to be useful in constructing prediction surfaces in a case study of break-andenter incidents (Filipuzzi, 2010). The few examples of criminological applications of
geostatistics bode well for further studies that explore its unique offerings.
Although framed in terms of fixed points in a continuous field, recent advances
in geostatistics allow a change-of-support process that permits the analysis of spatially aggregated (areal) data as ultimately used in both case studies in the current
research. The approach adopts spatial downscaling techniques such as Area-to-Area
(e.g., Kyriakidis, 2004) and Area-to-Point (e.g., Goovaerts, 2010a) kriging5 . Although a comparatively recent development in geostatistics, Area-to-Point (ATP)
kriging has established a growing presence in the incidence mapping of health-related
issues such as cancer (Bonyah et al., 2013; Goovaerts, 2009, 2010a, 2010b; Shao,
2011; Shao et al., 2009) and a small presence in the mapping of species abundance
patterns (e.g., Kerry et al., 2013). These techniques make geostatistics applicable
to the type of data ultimately used in this research for both case studies. Despite
this additional appeal, there are almost no existing applications of the use of ATA
or ATP kriging in criminological research. The most obvious exceptions are the
investigation of car-related thefts in the Baltic states by Kerry et al. (2010) and
residential burglary in San Francisco by Bumpus (2012).
The attraction of geostatistics for spatial criminology is that it represents a
largely unexplored paradigmatic alternative. A “paradigmatic” alternative in this
4

Co-kriging is a particularly relevant variant as it incorporates predictors which are thought
to correlate with the target variable.
5
Given the nature of the data, these usually incorporate Poisson distributions in the process.
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context refers to a fundamentally different world view. As such, it has the potential to offer important contributions to existing evidence of spatial richness in
environmental criminology.

13.4.2

A new research direction: Agent-Based Modelling

This discussion focuses on a single, exciting possibility for future work – one which
builds upon that presented in the thesis but pursues an entirely different paradigm
in spatial analysis: that of Agent-Based Modelling (ABM). Simple examples of ABM
have been alluded to in chapter 12 where, in relation to segregation, the models of
Schelling (1969, 1971a, 1971b, 1972, 1978) were summarised. These involved simple “checker-board” simulation environments in which “agents” are granted microbehavioural autonomy and allowed to exercise those behaviours while the researcher
observes macro-level results. ABM has gained significant footholds in the social sciences, where its presence is often indicated by the term “generative social science”.
The reference to “generative” separates it from “top-down” analysis – as conducted
in the current research – in which macro-structures are analysed and modelled in
order to suggest meaningful possibilities for individuals and groups. Conversely, generative social science explores a “bottom-up” approach. It programs individual and
group behaviour and observes emergent outcomes6 . The classic example of emergent
behaviour is that of the “artificial life” program, “Boids”, in which complex flocking
behaviour was observed on the basis of only three simple rules known to each agent.
The macro-level “flocking” behaviour is emergent in the sense that none of the three
rules attempt to produce group flocking, but address simple rules that might guide
individual flight. “Flocking” emerges as a result.
As well as social sciences generally (e.g., Damaceanu, 2014; Gilbert & Terna,
2000), ABM has been used to model the growth of real-estate foreclosures (Gangel
et al., 2013), heroin markets (Heard et al., 2014), income disparity (Auchincloss et
al., 2011) and more recent excursions into the forces responsible for residential segregation (Auchincloss et al., 2011; Yin, 2009). It also has a small but fruitful profile
in criminology, where it has been used to explore problems in burglary (Malleson et
al., 2009), police effectiveness in car theft (Berger & Borenstein, 2013), and patterns
of victimisation (Birks et al., 2014) and street robbery (Groff, 2008).
It is important to note that “bottom-up” modelling does not suggest an atheoretical process. In fact, the ability of ABM to explore complex theoretical issues
is one of its main strengths in the social sciences. Criminological theory may be
6

The word “emergent”, in this context, is used as it is in chaos theory. Chaos theory is associated with observations by Lorenz (1963) in which marginally different initial conditions in unstable
systems produced dramatically different results. This was considered in terms of applications to
long-range weather forecasting. A good history of chaos theory is presented by Oestreicher (2007).
Interestingly, the Broken Windows thesis has been compared to complexity science, where small
and seemingly innocuous changes at micro-level results in unexpected emergent behaviour at the
macro-level (D’Orsogna & Perc, 2015).
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employed as a modelling framework in constructing the simulation, e.g., the use of
Routine Activities Theory in simulating patterns of crime using cellular automata
(Liang, 2001). Thus, not only is there an upsurge in the use of generative social
science, but an accompanying growth in its use to explore theory. The reasons for
this growth are worth noting. With respect to explanatory models, (Bottoms &
Wiles, 1992, p.5) state that:
Social science has always had a problem with what form explanation
ought to take, given that it is concerned with the activity of human beings. The twin dangers are that explanations either operate with models
of human action which are so deterministic that they deny any role for
human agency, or they are so voluntaristic and particularistic that they
deny any real possibility of social science explanations at all. The history of social science could be written in terms of the various attempts
to overcome this problem.
This is where generative social science wades in, with ABM used as a tool to capture
complexity via simple low-level parameters. And this is the point, for even simple
models have been found to offer interesting results (Malleson et al., 2009). A recent
literature review concerning the utility of ABM in testing and contributing to theory
makes the case that (Johnson & Groff, 2014, p.510):
Traditional methods of theory development and testing suffer from a
number of potential issues that a more systematic use of ABMs – not
without its own issues – may help to overcome. ABMs should become
another method in the criminologist’s toolbox to aid theory testing and
falsification.
As a suggestion for future work, the incorporation of ABM is proposed as a complement. Spatial econometric analysis has provided a glimpse of a spatially rich
environment across all structural variables. The problem with the outcomes lies in
theory building – either as a revised (“spatialised”) Social Disorganisation Theory
or as an alternative theoretical reading of the results. While a larger body of case
studies would lend authority to such processes, the generative approach offered by
ABM provides an opportunity to apply research outcomes to a “bottom-up” process. The potential benefits of this include: (i) it exploits a unique capacity of ABM
to explore complex theoretical issues; (ii) it provides a complementary process to
the “data-led” and “theory-driven” approach adopted here since agents can be programmed to behave in accordance with spatial results of the current study to explore
whether emergent outcomes resemble those expected by SDT; and (iii) ABMs are
capable of incorporating lower-level interaction between agents, such as “subjective
well-being” (Baggio & Papyrakis, 2014) and, therefore, might be usefully employed
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to explore concepts such as “social disorganisation” or “collective efficacy”. It is
proposed that ABM adopt results produced from top-down modelling – such as
that of the current research – in exploring a simple set of micro-behavioural rules
to determine the extent to which outcomes expected by SDT are emergent. This
may give rise to “bottom-up” theorising in the same way that minimal rules explain
complex flocking behaviours or preferences which are not antagonistic to integrated
neighbourhoods explain complete segregation. For example, responses to extra-local
disadvantage may be expressed as a probabilistic rule for residential mobility. Over
time, sets of rules which reproduce spatial complexity of the type evident in current
results may lead to new approaches to theory development with simple, low-level
proposals that are not easily expressed in macro-level theory.

13.5

Conclusion

The ongoing tension between methodology and theory has been a recurring theme
within the thesis. The subtext has been that methodology not only enables theory
to be empirically explored, but molds theory construction in terms of what constitutes a viable world-view. While the explosion of advances in spatial technologies
may appear from some perspectives to have left ecological theories of criminology in
its wake, the question of the continuing relevance of SDT may depend on how well it
continues to adapt. Historically, adaptation has proven one of its strengths in maintaining an enduring presence in criminology. Ironically, as the first accepted spatial
theory of crime, one of the motivations for further evolutionary development may
be in response to the suggestion that concepts of “space” itself have fundamentally
changed.

13.6

Postscript: A reflective statement

With the necessary exception of various iterative processes, the structure of the thesis
has mimicked the research trajectory. It is therefore fitting that a brief reflective
statement be included at its end.
The first comment relates directly to thesis structure. The incorporation of
adjustments to the presentation which decouple the research process from the an
account of that process was rejected. Many reasons for this decision were noted,
not the least of which include an ethical component. Loosely expressed research
questions motivated the research and – given the under-represented application of
spatial econometric techniques in SDT-related accounts of violence – largely exploratory research strategies were adopted (chapter 1). The temptation to tighten
such questions into more formal a priori hypotheses was regarded as problematic
and therefore dismissed. This decision is explored further in appendix V as a poten-
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tial problem of “HARKing” – Hypothesising After Results are Known. A related
issue is the consideration of p-value adjustments (such as Bonferroni), which are not
used in spatial econometric modelling (this is discussed further in appendix U). Another reason for the decision to reflect exploratory processes in the thesis is simply
that the current format provides greater insight into how results from exploratory
processes generated new research trajectories (as explored in chapters 10 and 11).
These would not be easily – or ethically – represented by a priori statements. The
final reason for preservation of the coupling between research and thesis is simply
that it helps convey something of the excitement of discovery inherent to exploratory
research. The format, however, is not always conducive to publication expectations
and may need revisiting for such purposes.
The second comment is that the discussion of results does not specifically consider
factors unique to each case study. This is necessarily the case, given the numerous
influences that may be at play for each. The research interest has been framed
in terms of the five structural variables derived from SDT and exploring how they
present spatially. However, it is also understood that the effect of study-wise factors
may be of interest. These are largely excluded from the body of the thesis to
maintain a more narrow focus on SDT-related variables. However, a bridge to some
of the main issues has been presented in appendix W.
The third reflective comment relates to issues of morphology and scale in the
Sydney case study7 . The issue is given a brief, revised treatment in section W.4.
The precise influence of spatial unit size and variation is unclear. Broad discussion
of observed effects (e.g., in subsection 12.3.2.6) stand on their own merit. However,
when interpreting the outcomes in terms of potential ramifications for SDT, caution
is advised. This arises from the fact that SDT is fundamentally framed in terms of
community-level experiences. Thus, in describing the Sydney results as providing
“better-than-moderate support” for SDT (subsection 13.2.2.1) the spatial unit issue
may need to be considered in terms of relationships between units (including those
expressed in partitioned impact measures). This is included as a reflective comment
since the effect is uncertain given a supportive outcome. Does SDT scale when spatial units are larger to reflect lower density population? In the absence of any direct
scaling effect, do relationships between larger areal units suggest the aggregation of
SDT-consistent smaller-scale effects? In a large part, such deliberations must refer
back to the Modifiable Area Unit Problem stated as an unavoidable limitation in
such studies (section 13.3).
The final reflective component considers the issue of framing contemporary research into SDT in a strongly historically-rooted context. Chapter 2 provides considerable background to important historical conditions from which it is proposed
the Chicago School and the classical formulation of SDT by Shaw and McKay (1972
7

This is flagged in chapter 3 but a reviewer very reasonably suggested that the ramifications
of this have been understated.
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[1942]) arose as an organic response. While their (three-variable) formulation of SDT
has been augmented by two additional variables (similar to later work by Sampson
& Groves, 1989) this does not necessarily cast the work as specifically engaging with
more recent theoretical SDT-aligned proposals. Urbanisation – and social problems associated with its rapidity – provided the context and momentum for the
work of the Chicago School. As described by Sampson and Groves (1989, p.781-2),
“although Shaw and McKay were primarily concerned with intracity patterns of
delinquency, their theoretical framework is consistent with the idea that urban communities have a decreased capacity for social control.” Similarly, Shaw and McKay
were aware of significant research into family disruption being undertaken by their
contemporaries (e.g., Mowrer, 1927) and also conducted their own research into its
potential effects on delinquency (Shaw & McKay, 1932). The position taken in the
current research has been that none of the structural variables as selected or as
operationalised were intended to be anything other than highly consistent with traditional Chicago School criminology. During its period of resurgence, SDT-derived
scholarship has developed into a plethora of schools of thought with subtly differing
arguments and specific data requirements. By focusing on the use of variables which
resonate with traditional concerns two benefits are suggested. The first is that the
generic nature of such variables and their fundamental relevance to SDT allows the
results to have a broad interface with theory. Secondly – and representing a more
rudimentary decision – it isolates the exploratory aspect of the research, namely
that which is revealed about the criminogenic environment when scrutinised with
respect to its spatial richness. Shaw and McKay (1972 [1942]) embraced the available spatial technology of the day, and would have certainly been inspired by the
new developments in spatial analysis – dependent as they are on recent advances
in algorithmics, simulation techniques, spatial theory and computing power. The
description of concepts of space in traditional Chicago School theory is presented
here as “locatedness”, to reinforce the limitations imposed on theory by analytical
and methodological constraints. The current research provokes a response regarding what might have become of SDT in the presence of outcomes which incorporate
spatial autocorrelation, spatial interaction between neighbours (and, recursively,
neighbours of neighbours), the effects of spatial feedback, the incorporation of the
dependent variable for spatial treatment, structural instability within a landscape,
mediation analysis and a wealth of modelling options. The value of the current
research lies not so much in what it offers directly to the many branches of the
SDT evolutionary tree, but rather in the fact that the very basis of such theoretical
developments would have been radically altered by access to technologies capable of
catapulting spatial analysis beyond otherwise limited notions of space.
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Durkheim, É. (1997 [1893]). The division of labour in society (de la division du
travail social). New York, NY: Free Press. (Trans. W. D. Halls)
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A
Defining the Sydney study area

Postal area (POA) vector data are derived from the Australian Bureau of Statistics (2016c) and the Sydney “Urban Centre/Locality” (UC/L) – representing “urbanised” Sydney – is defined by the Australian Bureau of Statistics (2016a).

A.1

CRS notes

As described in the associated code book (Greening et al., 2018c), all Sydney spatial
data are saved with the

A.2

Study bounds

The extent of the study area is bounded by (150.752◦ , −34.025◦ ) – (151.343◦ , −33.578◦ ).

A.3

City boundaries

As mentioned in chapter 3, the Sydney UC/L includes POAs which do not exhibit
continuous urban landscape. Additionally, it is not constructed from POAs and,
therefore, boundaries do not always coincide. This is evident in figure A.1. POAs
with only partial inclusion in the UC/L are removed. Disconnected “islands” formed
as a result of this process are also removed. The tentacular morphology of the UC/L
resulted in am operational area which retracts from the original UC/L, particularly
in the north-west, west and south-west “arms”. An additional decision removes the
southern-most area (south of the Georges River) as it is connected to the main area
only by bridges, suggesting “neighbours” with no shared boundary1 .
The resulting study area, relative to the Sydney UC/L, is indicated in figure A.2
and includes 179 POAs.
1

The derived research dataset permits numerous alternatives to be generated by employing a
choice of Boolean variables created for that purpose (Greening et al., 2018c).
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A.3. City boundaries

Figure A.1 has been removed from this version of the Thesis.

Figure A.1: Sydney POAs (outlined) and UC/L (shaded)

Figure A.2 has been removed from this version of the Thesis.

Figure A.2: Sydney UC/L (outlined) and study area (shaded)
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A.4

A.4. Additional notes

Additional notes

POA 2123 represents the Family Court of Australia, a single building of 0.02 km2
within the Parramatta area. This polygon has been dissolved into the surrounding
Parramatta POA (Greening et al., 2018a).
Additionally, there is an issue regarding POA 2129, which represents Sydney
Markets at Flemington, an area of 0.47 km2 . Crime data exist for this polygon but
it is a zero-population area and is therefore excluded.
Finally, POA 2006 – the University of Sydney – is affected by “NA” entries
in some fields. Where this affects analysis, it is removed from the data. This is
described in the body of the thesis as relevant and indicated in mapping.
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B
Defining the Chicago study area

Polygons are obtained from the Minnesota Population Center (2010) and the derived
dataset described in Greening et al. (2017c).

B.1

CRS notes

All Chicago spatial data are saved with the

B.2

Study bounds

The extent of the study area is bounded by (−87.862◦ , 41.645◦ ) – (−87.524◦ , 42.023◦ ).

B.3

Tract resilience

Chicago was one of 8eight cities in the US that implemented Walter Laidlaw’s concept of fixed tracts in the 1910 and 1920 censuses (Bureau of the Census, 1984).
Unlike suburban Chicago, where tracts have changed considerably (usually by subdivision), tract borders in the City of Chicago have changed little since the 1920s
(University of Chicago Library, 2016).

B.4

City boundaries

The study area is defined by the boundary for the City of Chicago. However, there
is a minor issue with the use of CTs within the study area, in that tracts are known
to cross boundaries for Chicago City limits (University of Chicago Library, 2016).
Some brief discussion on the matter is provided by Paral (2015). As the issues involve
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B.5. Tract count

extremely marginal slivers, no tracts are excluded on this basis and no adjustments
to data are made.

B.5

Tract count

The literature supports varying number of tracts for “Chicago”, including:
 873 mentioned by Laurikkala (2009);
 847 reported by the Project on Human Development in Chicago Neighbor-

hoods (Inter-university Consortium for Political and Social Research, 2016);
 801 tracts within the Shapefile dataset provided by the City of Chicago Data

Portal (United States Census Bureau, 2010a);
 “about 800” cited by Li (2012);
 762 defined by Environmental Justice (Sriraj et al., 2003); and
 761 given by Delbecq et al. (2013) after removal of zero-population tracts and

green spaces.
The number of tracts for the Chicago dataset produced in the course of this research
is 797 (Greening et al., 2017c).

B.6

Zero-population CTs

Zero-population tracts associated with O’Hare International Airport in the northwest have been removed. Their exclusion is included in the tract count of 797. The
dataset also maintains three zero-population tracts on the basis that other data users
may find them useful as their exclusion creates “holes” in the landscape. They are,
however, excluded from all work presented in this thesis, resulting in an effective CT
count of 794. These include the tract representing Chicago Midway International
Airport in the mid-west and two contiguous slivers in the south which are associated
with Robert Taylor Homes (figure B.1). All residents had been evacuated from the
public housing project by 2005, prior to commencement of the research period, and
the last block demolished in 2007.
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B.6. Zero-population CTs

Figure B.1 has been removed from this version of the Thesis for Copyright
reasons.

Figure B.1: Robert Taylor Homes (African American Registry, 1962)
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C
Summary of Sydney crime data

C.1

Source dataset

The source data are provided courtesy of the NSW Bureau of Crime Statistics and
Research (2018). They consist of a file in CSV format of monthly counts of crime
data by offence category and subcategory at postcode level of aggregation. Table C.1
lists all offence categories and subcategories extracted for use (numbers refer to the
initial crime category listing, of which there are 21 types).
Table C.1: Relevant BOCSAR offence categories and subcategories
#

Category

Sub-category

1

Homicide

Murder
Attempted murder
Murder accessory, conspiracy
Manslaughter

2

Assault

Domestic-violence related
Non-domestic-violence related
Assault police

3

Sexual offences

Sexual assault

5

Robbery

Robbery without a weapon
Robbery with a weapon
Robbery with a weapon not a firearm

The four broad categories correspond to those used in defining violence generally.
All sub-categories are included, bar one for the “Sexual offences” category, namely
“Indecent assault, act of indecency and other sexual offences”. This decision does not
summarily dismiss acts of indecency as non-violent crimes, but is rather a judgement
about the breadth of the categorisation in terms of identifying acts of aggression.
The original dataset has a “folded” hierarchical structure of 32,315 rows and 279
fields (columns), and its basic structure is indicated in the segment from table C.2.
Monthly counts extend from January, 1995 to December, 2018.
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C.2. Codified dataset

Table C.2: BOCSAR file structure sample
Postcode
2000
2000
2000
2000
2000
2000
2000
2000

C.2

Category

Subcategory

Homicide
Homicide
Homicide
Homicide
Assault
Assault
Assault
Sexual offences

Murder
Attempted murder
Murder accessory
Manslaughter
DV-related assault
Non-DV-related assault
Assault Police
Sexual assault

Jan-95

Feb-95

Mar-95

0
0
0
0
2
123
11
3

0
0
0
0
1
81
9
3

1
0
0
0
1
73
7
4

Codified dataset

Columns from the source data were reduced to include only the first three plus
monthly count data for the study period (January 2016 to December 2016, inclusive.)
Rows were reduced to only include offence subcategories of interest and postcodes
within the defined study area. The data structure was then “unfolded” to record
annual counts for each subcategory within each postcode. A convenience dataset
was also created with all subcategory counts summed to form a per-postcode count
of recorded violent crime events for the year 2016. The structure of the extended
version of the created dataset is indicated from the sample in table C.3.
Further discussion of this process is presented in the account by Greening et al.
(2018a).

400

401

0
0
0
0
0
0
2

2000
2006
2007
2008
2009
2010
2011

AcMur
0
0
0
0
0
0
0

AtMur
0
0
0
0
0
0
0

0
0
0
0
0
0
1

Mans
194
1
36
24
53
139
89

DVA
1426
21
55
73
168
471
271

NDVA
100
1
2
2
7
65
72

APol
69
0
4
8
10
21
28

SxA
50
5
10
9
6
36
9

Rob
4
0
1
0
0
0
1

FRob

14
1
4
3
3
16
5

WRob

27411
1259
8845
11712
12813
27734
21196

Pop

Heading abbreviations: “Murd” = “Murder”; “AtMur” = “Attempted Murder”; “AcMur” = “Accessory to
Murder”; “Mans” = “Manslaughter”; “DVA” = “Domestic-Violence Assault”; “NDVA” = Non-Domestic
Violence Assault”; “APol” = “Assault Police”; “SxA” = “Sexual Assault”; “Rob” = “Robbery (no weapon)”;
“FRob” = “Robbery with firearm”; “WRob” = “Robbery with weapon (not firearm)”; “Pop” = “Population”

Murd

POA

Table C.3: Sample of the created file structure for violent crime in Sydney, 2016

APPENDIX C. SYDNEY CRIME DATA
C.2. Codified dataset

D
Summary of Chicago crime data

D.1

Source dataset

Source data are courtesy of the Chicago Police Department (2015). The 1.37 GB file
consists of 22 fields and 5,948,592 records in CSV format; records describe individual
crime events in the City of Chicago from 2001 to 2015.
Its increased complexity over the Sydney source dataset (summarised in appendix C) favour a descriptive approach over the presentation of a segment of the
file.
Each record in the file describes a crime event using fields as indicated in table D.1.
With respect to “Case Number” fields, the following is reproduced from Greening
et al. (2017b, p.8) as an indication of the investigative nature of understanding the
data given the failure of the data owners to respond to queries:
Note that observations with duplicate Case.Number entries were removed from the source data set. That is, only one of each set of shared
entries was preserved. However, this decision to remove duplicated observations is not based on the assumption that Case.Number entries
are intended to be unique and that duplicates are therefore in error –
an assumption made by Sengupta et al. (2014). Instead, observations
revealed the following: (i) ID values are unique; (ii) Case.Number values were not unique but only in 287 cases; (iii) while the small number of
duplicate Case.Number cases may suggest error, it was observed that
almost every observation with shared Case.Number values was a crime of
first-degree murder; and (iv) it is known that the source dataset counts
homicides (and only homicides) on the basis of victims. On this basis it
is assumed that duplicate Case.Number entries are not erroneous as
claimed by Sengupta et al. (2014) but used to link separate incidents,
specifically relating to multiple homicides.
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D.1. Source dataset

Table D.1: Fields used in the Chicago Police Department dataset (2015)

Table D.1 has been removed from this version of the Thesis.

On this basis, multiple-victim homicides were treated as a single episode of violence and is, effectively, a reversal of the decision by the reporting authorities to
count crimes by the number of victims in the unique case of multiple homicides.
Illinois Uniform Crime Reporting (IUCR) codes are a set of 401 alphanumeric
codes for the classification of crime events (Illinois State Police, 2009). These include primary and secondary descriptions; thus, IUCR 460 (used in the example
in table D.1 indicates a primary description of “BATTERY” of which there are 25
secondary types – with the secondary description in this case being “SIMPLE”.
These are duplicated by the “Primary Type” and “Description” fields, respectively
(although these are less accurate as some entries fail to match and are presumably
manually entered.)
“Location” descriptions are assumed to be manually entered (due to observed
variations, such as “STREET”, “ST”, “ST.”, etc.). They were collated to reveal a large range of options, such as “BARBERSHOP”, “FUNERAL PARLOR”,
“WOODED AREA”, “AIRPORT PARKING LOT”, etc. These are presented in
appendix E of Greening et al. (2017b).
Thus, the source Chicago crime data required considerable cleaning and preparation. Since data are aggregated for the research described in the body of the
thesis, figure D.1 provides a point-based view of crime over the study period using
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transparency to reflect multiple events at each location.

Figure D.1 has been removed from this version of the Thesis.

Figure D.1: Locations of crime events in Chicago (2006-2010); red transparency
set to α = 0.01 to enable pixel overplotting
CT-aggregated data and the point-based data from which they are derived are
further described in Greening et al. (2017a) and Greening et al. (2017b), respectively.
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E
Sydney social data: Details

All social data are courtesy of the Australian Bureau of Statistics (2016b) with the
exception of welfare-related data (Department of Social Security, 2016) and satellitebased land-use classification data (Office of Environment and Heritage, 2017), all
aggregated to the postal area level (Australian Bureau of Statistics, 2016c). Note
that the constructed dataset (Greening et al., 2018b) includes alternatives to those
presented here to meet different needs of data users.

E.1

Population

Where sources for data described in this appendix have a specific universe, that
information is provide in context; otherwise, the universe is defined in terms of the
population.
Table E.1: File details: Population
Source:
File name:
Table number:
Table name:
Universe:

Australian Bureau of Statistics
2016Census G01 NSW POA
G01
Selected person characteristics by sex
Persons

Table E.2: Relevant fields from sheet G01
Code

Description

Tot P P

Total persons
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E.2

E.2. Components of disadvantage

Component variables of disadvantage

Disadvantage is simply the mean of the transformed component variables – unemployment, povety and eduction (with welfare excluded for reasons mentioned below)
– then subjected to a z-transform. Transformation is described in the body of the
thesis (section 3.10) with further brief elaboration in appendix I.

E.2.1

Unemployment
Table E.3: File details: Unemployment

Source:
File name:
Table number:
Table name:

Australian Bureau of Statistics
2016Census G40 NSW POA
G40
Selected Labour Force, Education and Migration
Characteristics by Sex
Persons

Universe:

Table E.4: Relevant field from sheet G40
Code

Description

Percent Unem loyment P

Labour force status Percent Unemployment Persons

Formula:

E.2.2

Percent Unem loyment P / 100

Welfare

The information is provided for completeness, since receipt of welfare is a component
of “disadvantage” in the Chicago dataset. It is not included in the Sydney case as it
failed to contribute to an understanding of disadvantage in preliminary studies. The
“Aged Pension” was considered a possible confounding factor and exploratory studies considered welfare with this category variously included and excluded without
useful effect.
Table E.5: File details: Welfare
Source:
File name:

Department of Social Security
DSS POA June 2016
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E.2. Components of disadvantage

Table E.6: Relevant fields from social security data
Code

Abbreviation

Age Pension

AP

Disability Support Pension

DSP

Newstart Allowance

NS

Newstart Allowance is also known as “unemployment benefits”.
To preserve confidentiality in areas with extremely small counts the non-numeric
code “< 5” is used. Focusing only on major welfare categories resulted in very few
POAs where this code was recorded – only 2 for Aged Pension (2139 and 2755) and
1 POA (2052) for both Disability Support Pension and Newstart Allowance. In all
cases these are re-coded as “2”.
Formula 1:
(AP + DSP + NS) / Population
Formula 2:
(DSP + NS) / Population

E.2.3

Poverty
Table E.7: File details: Poverty

Source:
File name 1:
File name 2:
Table number:
Table name:
Universe:

Australian Bureau of Statistics
2016Census G17B NSW POA
2016Census G17C NSW POA
G17B, G17C
Total Personal Income (Weekly) by Age
by Sex
Persons aged 15 years and over

Table E.8: Relevant field from sheets G17B and G17C
Code

Description

P Neg Nil income Tot

Persons Negative Nil income Total (i.e., < $1 p.w.)

P 1 149 Tot

Persons 1 149 Total (i.e., $1-149 p.w.)

P 150 299 Tot

Persons 150 299 Total (i.e., $150-299 p.w.)

P 300 399 Tot

Persons 300 399 Total (i.e., $300-399 p.w.)

P 400 499 Tot

Persons 400 499 Total (i.e., $400-499 p.w.)

P Tot Tot

Persons Total Total (i.e., the universe)

Formula:

(Persons earning ≤ $499 p.w.)
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E.2.4

E.3. Mobility

Education
Table E.9: File details: Education

Source:
File name 1:
File name 2:
Table number:
Table name:
Universe:

Australian Bureau of Statistics
2016Census G16A NSW POA
2016Census G16B NSW POA
G16A, G16B
Highest Year of School Completed by Age by Sex
Persons aged 15 years and over who are no longer attending
primary or secondary school

Table E.10: Relevant fields from sheets G16A and G16B
Code

Description

P Y10e Tot

Persons Year 10 or equivalent Total (i.e., ≤ Year 10 completion)

P Tot Tot

Persons Total Total (i.e., the universe)

Formula:

E.3

P Y10e Tot / P Tot Tot

Mobility
Table E.11: File details: Mobility

Source:
File name:
Table number:
Table name:
Universe:

Australian Bureau of Statistics
2016Census G42 NSW POA
G42
Place of Usual Residence 5 Years Ago by Sex
Persons aged 5 years and over

Table E.12: Relevant field from sheet G42
Code

Description

Difnt Usl add 5 yr ago Tot P

Different usual address 5 years ago Total Persons

Tot P

Total Persons (i.e., the universe)

Formula:

Difnt Usl add 5 yr ago Tot P / Tot P
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E.4

E.4. Heterogeneity

Heterogeneity
Table E.13: File details: Heterogeneity

Source:
File name 1:
File name 2:
Table number:
Table name:
Universe:

Australian Bureau of Statistics
2016Census G13C NSW POA
2016Census G13D NSW POA
G13C, G13D
Language Spoken at Home by Proficiency in Spoken
English/Language by Sex
Persons

Figure E.1 has been removed from this version of the Thesis for Copyright reasons.

Figure E.1: Sample of the 2016 Census – Questions 16 and 17
The disaggregation of the data is complex, and consists of fields such as:
“Females Speaks other language Italian Speaks other language and speaks
English Not well or not at all” (coded as “FOL Italian SOLSE NWorNAA”). As
a result, table E.14 condenses the data considerably to a list of languages indicated in answer to Question 16 of the census survey in figure E.1; as with Chicago
(appendix F), “English only” is included as it represents a distinct linguistic group.
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E.5. Family disruption

Table E.14: Language categories extracted from tables G13C and G13D
Afrikaans

Arabic

Australian indigenous languages

Cantonese

Mandarin

Other Chinese languages

Croatian

Dutch

French

German

Greek

Bengali

Hindi

Sinhalese

Urdu

Other Indian languages

Italian

Japanese

Korean

Macedonian

Maltese

Persian

Polish

Russian

Samoan

Serbian

Filipino

Indonesian

Other South-east Asian languages

Spanish

Tamil

Thai

Vietnamese

Other languages

English only

Formula:

E.5

See equation 3.1.

Family disruption
Table E.15: File details: Family disruption

Source:
File name:
Table number:
Table name:
Universe:

Australian Bureau of Statistics
FamilyComposition2016Census
Not applicable (based on table G25)
Family Composition
Families and persons in families in occupied private
dwellings

Table E.16: Relevant fields (Family composition)
Code
One parent family
Total

Formula:

One parent family / Total
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E.6

E.6. Urbanisation

Urbanisation

High-resolution SPOT-5 satellite-based raster data from the (Office of Environment
and Heritage, 2017) are vectorised and the following sub-categories from the Australian Land-Use and Management classification system (ALUM) are extracted:
 5.4.1 (Urban residential): Houses, flats, etc., in urban areas;
 5.4.2 (Rural residential with agriculture): Rural allotments with some non-

commercial agricultural activity;
 5.4.3 (Rural residential without agriculture): As per classification 5.4.2 but

without evidence of agricultural activity.
The two “rural” classifications apply to only a very small area within the case study
region, but are included on the basis that: (i) they do indicate residential area;
and (ii) are required in order to include areas on the urban periphery with reduced
residential density. Additionally, the high-resolution imagery enables highly specific
classification. As a result, the classification for roads (5.7.2 ) are excluded as well as
more obvious non-residential areas such as parks, etc. Further details of the process
(and resulting dataset) are provided by Greening et al. (2018c).
The sum of the above three residential classifications are used to determine approximate residential area per POA, which is then used to derive a density measure
of urbanisation (as for Chicago, appendix F).
Formula:

E.7

Population / Developed land area (km2 )

A comment on SEIFA Indices

Socio-Economic Indexes for Areas (SEIFA) consist of four indices for “disadvantage”
(Australian Bureau of Statistics, 2017; Pink, 2016). Of particular interest is the
Index of Relative Socio-Economic Disadvantage (IRSD) for reasons outlined further
in Greening et al. (2018b). This index is mentioned as it presents an alternative
measure of “disadvantage” to the one developed here and includes the components
used here in addition to others (rates of certain occupations, overcrowding, rental
accommodation, Internet connectivity, etc.).
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F
Chicago social data: Details

All ACS data are courtesy of the Minnesota Population Center (2016a, 2016b) and
census data courtesy of the United States Census Bureau (2010b).
The source data are processed as summarised and used to produce social code
book (ref ) and raster code book. Or just the former?

F.1
F.1.1

Component variables of disadvantage
Unemployment
Table F.1: File details: Unemployment

NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0015 ds177 20105 2010 tract
32
Sex by Age by Employment Status
Population 16 years and over
B23001
J6Q

Table F.2: Relevant fields from NHGIS estimates table J6Q
Code(s)

Description

J6QE001

Total

J6QE002/008/015/022/029/036/043

Male: In labor force: Civilian: unemployed

/059/057/064/071/076/081/086
J6QE088/094/101/108/115/122/129
/136/143/150/157/162/167/172

Formula:

(all age groups)
Female: In labor force: Civilian: unemployed
(all age groups)

sum(all unemployed) / J6QE001
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F.1.2

F.1. Components of disadvantage

Welfare
Table F.3: File details: Welfare

NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0033 ds176 20105 2010 tract
1
Social Security Income in the Past 12 Months
Households
B19055
JO9

Table F.4: Relevant fields from NHGIS estimates table JO9

Formula:

F.1.3

Code

Description

JO9E001

Total

JO9E002

With Social Security income

JO9E002 / JO9E001

Poverty
Table F.5: File details: Poverty

NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0015 ds176 20105 2010 tract
20
Ratio of Income to Poverty Level in the Past 12 Months
Population for whom poverty status is determined
C17002
JOC

Table F.6: Relevant fields from NHGIS estimates table JOC

Formula:

Code

Description

JOCE001

Total

JOCE002

Under 0.50

JOCE003

0.50 to 0.99

(JOCE002 + JOCE003) / JOCE001
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F.1.4

F.2. Mobility

Education
Table F.7: File details: Education

NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0015 ds176 20105 2010 tract
17
Sex by Educational Attainment
Population 25 years and over
B15002
JN9

Table F.8: Relevant fields from NHGIS estimates table JN9

Formula:

F.2

Code

Description

JN9E001

Total

JN9E003

Male: No schooling completed

JN9E020

Female: No schooling completed

(JN9E003 + JN9E020) / JN9E001

Mobility

This describes a CT-level rate of recent household occupancy (≥ 2005) relative to a
universe of occupied housing units.
Table F.9: File details: Mobility
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0023 ds176 20105 2010 tract
2
Tenure by Year Householder Moved into Unit
Occupied housing units
B25038
JSH
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F.3. Heterogeneity

Table F.10: Relevant fields from NHGIS estimates table JSH

Formula:

F.3

Code

Description

JSHE001

Total

JSHE003

Owner occupied: Moved in 2005 or later

JSHE004

Owner occupied: Moved in 2000 to 2004

JSHE010

Renter occupied: Moved in 2005 or later

JSHE011

Renter occupied: Moved in 2000 to 2004

sum(moved in 2000 or later) / JSHE001

Heterogeneity

This describes the linguistic diversity in tracts using SDI (as expressed in equation 3.1) over all spoken language categories.
Table F.11: File details: Heterogeneity
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0022 ds177 20105 2010 tract
1
Language Spoken at Home by Ability to Speak English
Population 5 years and over
B16001
J2E

“Speak Only English” is included as a separate category as it identifies a distinct
linguistic group.
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F.4. Family disruption

Table F.12: Relevant fields from NHGIS estimates table J2E
J2EE001

Total

J2EE002

Speak only English

J2EE003

Spanish / Spanish Creole

J2EE006

French incl. Patois, Cajun

J2EE009

French Creole

J2EE012

Italian

J2EE015

Portuguese / Portuguese Creole

J2EE018

German

J2EE021

Yiddish

J2EE024

Other West Germanic

J2EE027

Scandinavian languages

J2EE030

Greek

J2EE033

Russian

J2EE036

Polish

J2EE039

Serbo-Croatian

J2EE042

Other Slavic

J2EE045

Armenian

J2EE048

Persian

J2EE051

Gujarati

J2EE054

Hindi

J2EE057

Urdu

J2EE060

Other Indic

J2EE063

Other Indo-European

J2EE066

Chinese

J2EE069

Japanese

J2EE072

Korean

J2EE075

Mon-Khmer, Cambodian

J2EE078

Hmong

J2EE081

Thai

J2EE084

Laotian

J2EE087

Vietnamese

J2EE090

Other Asian

J2EE093

Tagalog

J2EE096

Other Pacific Island

J2EE099

Navajo

J2EE102

Other Native North American

J2EE105

Hungarian

J2EE108

Arabic

J2EE111

Hebrew

J2EE114

African languages

J2EE117

Other and unspecified

Formula:

F.4

See equation 3.1

Family disruption
Table F.13: File details: Family disruption

NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0015 ds176 20105 2010 trac
8
Own Children Under 18 Years by Family Type and Age
Own children under 18 years
B09002
JM3
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F.5. Urbanisation

Table F.14: Relevant fields from NHGIS estimates table JM3

Formula:

Code

Description

JM3E001

Total

JM3E008

In other families

Jm3E008 / JM3E001

Note that “JM3E008: In other families” is the sum of specific “In other families” counts JM3E009-JM3E020, all of which are alternatives to “In married-couple
families” (JM3E002-JM3E008 ).

F.5

Urbanisation

“Urbanisation” is a measure of population density. However, since some tracts
include large areas of waterways or parkland, etc., tract area was not used. Instead,
an improved density calculation was derived from classified satellite images used to
identify pixels of urbanised areas. Raster-based satellite data was obtained from the
National Land Cover Database (2014) and pixels of classification identifiers of 22, 23
and 24 (representing low-, medium- and high-density developed land, respectively)
were aggregated and converted to approximate area per tract (in km2 ). This area
was used in establishing density from population data.
Table F.15: File details: Population
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0015 ds176 20105 2010 tract
1
Total population
Total population
B01003
JMA

Table F.16: Relevant fields from NHGIS estimates table JMA

Formula:

Code

Description

JMAE001

Total

JMAE001 / Developed land area (km2 )
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F.6

F.6. Racial identification

Racial identification

The issue as to how individuals identify by race is discussed in chapter 11. Data
was extracted from 4 tables within one ACS file.
Table F.17: File details: White population
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0019 ds176 20105 2010 tract
1
Sex by Age (White Alone)
White population
B01001A
JVO

Table F.18: File details: Black or African American population
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0019 ds176 20105 2010 tract
2
Sex by Age (Black or African American Alone)
Black or African American population
B01001B
JVP

Table F.19: File details: Asian population
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0019 ds176 20105 2010 tract
3
Sex by Age (Asian Alone)
Asian population
B01001I
JVR
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F.6. Racial identification

Table F.20: File details: Hispanic or Latino Population
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0019 ds176 20105 2010 tract
4
Sex by Age (Hispanic or Latino)
Hispanic or Latino population
B01003
JVW

In each of the tables for racial identification (F.17-F.20) the first entry, “XXXE001”
(where “XXX” is the NHGIS code) represents “Total” for that universe and is the
sole entry of interest.
More detailed division reflecting race and ethnicity was obtained from an alternative source (see Table F.21).
Table F.21: File details: Racial identification (Chicago)
NHGIS file:
Table number:
Table name:
Universe:
Census code:
NHGIS code:

nhgis0015 ds176 20105 2010 tract
3
Hispanic or Latino Origin by Race
Total population
B03002
JMJ

Table F.22: Relevant fields from NHGIS estimates table JMJ
Code

Description

JMJE001

Total

JMJE003

Not Hispanic or Latino: White alone

JMJE004

Not Hispanic or Latino: Black or African American alone

JMJE006

Not Hispanic or Latino: Asian alone

JMJE011

Hispanic or Latino: White alone

JMJE012

Hispanic or Latino: Black or African American alone

JMJE014

Hispanic or Latino: Asian alone

JMJE010

Hispanic or Latino

These data were used to explore the potential for “overlap” in areas defined on
the basis of racial concentration versus concentration of ethnicity. That discussion
is presented in the thesis in subsection 11.6.1. In summary, there is some overlap
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F.6. Racial identification

observed at 50% thresholds for “racial” presence between “Whites” and “Latinos”.
It does not occur elsewhere. Note that the data presented in table F.22 may be
used to under-count Latino and Hispanic presence (by assigning White Hispanics to
“White” on the basis of race) or to undercount White presence (by assigning White
Hispanics to Hispanics on the basis of ethnicity). This was used to explore the issue,
which was resolved by avoiding either bias by simply using a higher threshold where
patterns of dominant presence by “race” and by “ethnicity” do not overlap spatially.
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G
Simpson’s Diversity Index: Further comments

This discussion is appended for a number of reasons, primarily: (i) as a disambiguation of the name applied to multiple formulae; and (ii) as a disambiguation of the
formula used with multiple names. Although flagged as a digression from the main
work, there is sufficient ambiguity regarding Simpson’s Diversity Index within the
broader literature to warrant a brief account of the possible sources of confusion.
A simpler notation is used here to reflect convention, whereas in equation 3.1
the notation follows that used by Graif and Sampson (2009) and accommodates
reference to multiple areas.

G.1

Same name, different formulae

Simpson’s original index (Simpson, 1949) is defined by:
D=

N
X

p2i

(G.1)

i=1

where:
 D is the diversity index (more properly, the dominance index);
 N is the number of sub-populations of interest and
 pi is the proportion of the sub-population of interest, being the numbers of

sub-population i divided by total of all N sub-populations.
Equation G.1 is better referred to as a measure of “dominance” since it indicates
lower diversity with higher values of D within the range [0, 1]. As a diversity index,
this is contrary to expectations and, therefore, the complement is more typically
used:
SDI = 1 − D
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(G.2)

APPENDIX G. SIMPSON’S DIVERSITY INDEX G.2. Same formula, different names

Equation G.2 is the form used in the thesis (equation 3.1).
An alternative version – sometimes referred to as Simpson’s Inverse Index or
Simpson’s Dominance Index – maps the range to the number of sub-populations,
[1, N ]; thus, if there are 7 groups of interest then the range will be [1, 7]:
SRI =

1
D

(G.3)

Although equations G.1 - G.3 may be referred to as “Simpson’s original index”,
“Simpson’s Diversity Index” and “Simpson’s reciprocal index”, respectively, they
are also confusingly all referred to as “Simpson’s Diversity Index” – as are quite a
number of additional, related formulae (such as −ln(D)).

G.2

Same formula, different names

There is also a confusing array of different names for the same formula – or related and very similar variants. In economics it is often called the “Herfindahl
index” (Herfindahl, 1950) or, sometimes, the “Herfindahl-Hirschman Index” to honour Hirschman who formulated it some 5 years earlier (Hirschman, 1945, 1964) –
although Hirschman adds that it was not only previously referred to as the “Herfindahl Index” but also referred to as the “Gini Index” (Hirschman, 1964). The only
difference in the Hirschman formulation over the others is that it takes the square
root. The “Simpson’s Diversity Index” (Simpson, 1949) is commonly used in referencing the concept within biology and ecology, whereas in sociology it is often
referred to as “Blau’s Index” (Blau, 1977). The “Simpson’s Index” sometimes partially credits Gini (1912) in reference to it as the “Gini-Simpson Index”. The same
index is also referred to as the Liberson Diversity Index (Lieberson, 1969; Lieberson
& Dil, 1981), typically used in the linguistic research community.

422

H
Skewness & kurtosis

Skewness and kurtosis are referenced in the body of the thesis without comment.
However, these concepts are represented by a number of different formulae. Those
used in the thesis are indicated in this appendix.

H.1

Skewness

Skewness is a measure of asymmetry. Numerous formulae for skewness are evident in
the literature and spread across statistical packages. DescTools offers 3 approaches
via the Skew() funtion (Signorell, 2017); here, the default approach is used which
follows that adopted by MINITAB and defined by:
X  xi − x̄ 3
n
·
b1 =
(n − 1)(n − 2) i
σ

(H.1)

where:
 n is the total number of valid observations;
 xi is the ith observation of variable x;
 x̄ is the mean of observations; and
 σ is the standard deviation.

Negative values indicate left skewness and positive values indicate positive skewness.
By convention, the following descriptors are applied:
 |b1 | > 1.0 = “highly skewed”;
 0.5 ≥ |b1 | ≥ 1.0 = “moderately skewed”; and
 |b1 | < 0.5 = “approximately symmetrical”.
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H.2

H.2. Kurtosis

Kurtosis

As with skewness, kurtosis is variously defined; here it uses the default formula
provided by the Kurt() function in DescTools (Signorell, 2017) which follows the
approach adopted by MINITAB and defined by:
X  xi − x̄ 4
n(n + 1)
3(n − 1)2
b2 =
·
−
(n − 1)(n − 2)(n − 3) i
σ
(n − 2)(n − 3)

(H.2)

where elements are as described for skewness. The subtractive component of equation H.2 is indicative of an “excess kurtosis” measure such that zero represents the
point of departure from the peakedness of the normal distribution. Thus, strong negative values indicate a platykurtic distribution which is flatter than normal and less
likely to exhibit outliers; conversely, strong positive values indicate heavy tails associated with a leptokurtic distribution with increased peakedness and corresponding
likelihood of outliers.
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I
Transformations applied to address skew

Chapter 3 describes variable creation, including mention of transformations applied
(in section 3.10). This appendix summarises those transformations.

I.1

Summary of transformations used

Table I.1 lists transforms applied to variables as described in chapter 3. References
were primarily Tabachnick and Fidell (2007) and Howell (2007).
Table I.1: Variable transformation used
Name

Purpose

Formula

log
log1p
SqRt
Reflected SqRt

Correct
Correct
Correct
Correct

ln(x)
ln(x
p + 1)
p(x)
(K − x)

strong positive skew
strong positive skew with zeros in data
moderate positive skew
moderate negative skew

“log1p” is the R function for calculating log(x + 1) which is based on Fortran
code by Fullerton (1990) and is also noted as accurate for |x|  1; it is used when
a log transform needs to be applied to data which contains zeros.
An alternative for strong positive skew is the reciprocal transform, but this was
not found to be helpful in practice.
Reference to “Reflected SqRt” in table I.1 is the name given here to the use of the
square root transform to a complement of the distribution. The formula follows that
used elsewhere (Howell, 2007; Tabachnick & Fidell, 2007) but requires elaboration.
First, K represents a constant from which all values may be subtracted such that 1
results as the minimum; it is usually set to the maximum + 1. This results in the
following:
R1 =

p

max(x) + 1 − x
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(I.1)

APPENDIX I. TRANSFORMATIONS

I.2. Histograms: Before and after

This is simply the square-root transformation for moderate positive skew applied
to a reflected distribution with moderate negative skew. However, it fails to reflect
the results back to their original directionality, requiring a further, corrective step
which repeats the original reflection:
R2 = (max(x) + 1) − R1

(I.2)

Note that the application of the transforms outlined in table I.1 were based on experimentation. For example, the variable for family disruption in Chicago exhibited
light positive skew (0.3581). This suggested either no need for corrective action or
the application of a gentle correction, such as the square root. However, exploration
revealed that log(x + 1) produced better results. This proved an unusual example, and generally good correspondence was found between expected applications
described in table I.1 and the actual transforms used as indicated in table 3.1.

I.2

Histograms: Before and after

Note that all histograms were created in R with a request for 25 bins. However,
this is treated as a suggestion only with actual breakpoints set to “pretty” values
(Becker et al., 1988).
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I.2.1

I.2. Histograms: Before and after

Violence

Figure I.1: Histograms of Chicago violent crime rates (per 100,000 residents)
with overlays of kernel density (red) and normal distribution fitted to empirical
mean and StdDev (blue): crude rates (left); logged rates (right)

Figure I.2: Histograms of Sydney violent crime rates (per 100,000 residents) with
overlays of kernel density (red) and normal distribution fitted to empirical mean
and StdDev (blue): crude rates (left); logged rates (right)
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I.2.2

I.2. Histograms: Before and after

Unemployment

Figure I.3: Histograms of Chicago unemployment rates with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue):
crude rates (left); logged rates (right)

Figure I.4: Histograms of Sydney unemployment rates with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue):
crude rates (left); logged rates (right)
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I.2.3

I.2. Histograms: Before and after

Welfare

Figure I.5: Histograms of Chicago welfare rates with overlays of kernel density
(red) and normal distribution fitted to empirical mean and StdDev (blue): crude
rates (left); logged rates (right)

429

APPENDIX I. TRANSFORMATIONS

I.2.4

I.2. Histograms: Before and after

Poverty

Figure I.6: Histograms of Chicago poverty rates with overlays of kernel density
(red) and normal distribution fitted to empirical mean and StdDev (blue): crude
rates (left); logged rates (right)

Figure I.7: Histograms of Sydney poverty rates with overlays of kernel density
(red) and normal distribution fitted to empirical mean and StdDev (blue): crude
rates (left); square-root transformed rates (right)
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I.2.5

I.2. Histograms: Before and after

Education

Figure I.8: Histograms of Chicago rates of no completed education with overlays
of kernel density (red) and normal distribution fitted to empirical mean and
StdDev (blue): crude rates (left); logged rates (right)

Figure I.9: Histograms of Sydney rates for ≤ year 10 education with overlays of
kernel density (red) and normal distribution fitted to empirical mean and StdDev
(blue): crude rates (left); square-root transformed rates (right)
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I.2.6

I.2. Histograms: Before and after

Disadvantage

Figure I.10: Histogram of the composite index of disadvantage for Chicago with
overlays of kernel density (red) and normal distribution fitted to empirical mean
and StdDev (blue)

Figure I.11: Histogram of the composite index of disadvantage for Sydney with
overlays of kernel density (red) and normal distribution fitted to empirical mean
and StdDev (blue)
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I.2.7

I.2. Histograms: Before and after

Heterogeneity

Figure I.12: Histogram of Chicago rates of heterogeneity with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue)

Figure I.13: Histogram of Sydney rates of heterogeneity with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue)
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I.2.8

I.2. Histograms: Before and after

Mobility

Figure I.14: Histograms of Chicago rates of mobility with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue):
crude rates (left); reflected square-root rates (right)

Figure I.15: Histograms of Sydney rates of mobility with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue):
crude rates (left); logged rates (right)
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I.2.9

I.2. Histograms: Before and after

Family disruption

Figure I.16: Histograms of Chicago rates of family disruption with overlays of
kernel density (red) and normal distribution fitted to empirical mean and StdDev
(blue): crude rates (left); logged rates (right)

Figure I.17: Histogram of Sydney rates of family disruption with overlays of
kernel density (red) and normal distribution fitted to empirical mean and StdDev
(blue)
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I.2.10

I.2. Histograms: Before and after

Urbanisation

Figure I.18: Histograms of Chicago rates of urbanisation with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue):
crude rates (left); logged rates (right)

Figure I.19: Histogram of Sydney rates of urbanisation with overlays of kernel
density (red) and normal distribution fitted to empirical mean and StdDev (blue)
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I.2. Histograms: Before and after

Figure I.20: Histograms of transformed Sydney rates of urbanisation with
overlays of kernel density (red) and normal distribution fitted to empirical mean
and StdDev (blue): capped min-max (left); logged capped min-max (right)
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J
Moran’s I: Derivation

This appendix presents additional information regarding the derivation and testing
of Moran’s I, introduced in chapter 6.

J.1

Derivation

The following account of the derivation of Moran’s I extends a summary given by
Chun and Griffith (2013).
As a global measure of spatial autocorrelation Moran’s I is a special case of the
Pearson (1895) product moment correlation coefficient, r, which is defined by
Pn

1(xi − x̄)(yi − ȳ)/n
pPn
2 /n ·
2
(x
−
x̄)
i
i=1
i=1 (yi − ȳ) /n

r = pPn

i=1

(J.1)

where:
 1 is inserted for correspondence with following equations and represents the

frequency of observation i;
 (xi , yi ) are paired values for observation i;
 n is the number of paired observations;
 x̄ and ȳ are mean values for respective attributes; and
 r is the Pearson measure of correlation of between variables X and Y .

Note that the numerator represents covariance and the denominator is the product
of standard deviations of the variables; division by n could be replaced by division
by n − 1 for unbiased estimates. This version is presented over computationally
more efficient versions as it preserves the components of the metric.
Consider replacing the frequency of observations of i (as indicated as 1 in equation J.1) by a binary weights matrix, W , where elements ωij are constrained to 0
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or 1; the result is means of selecting observations of interest1 . Further – in order
to derive a measure of autocorrelation rather than (bivariate) correlation – consider
that the observations of interest are now univariate. The resulting equation is a
univariate case of Pearson’s r, renamed I to indicate its transition to a formula for
Moran’s I:
Pn Pn
I=

Pn Pn
j=1 ωij (yi − ȳ)(yj − ȳ)/
i=1
j=1 ωij
pPn
pPn
2
2
i=1 (yi − ȳ) /n ·
i=1 (yi − ȳ) /n

i=1

(J.2)

P P
where ni=1 nj=1 ωij is a count of the number of 1 entries in W just as n may be
interpreted as a count of the number of 1 elements (i.e., all of them) in equation J.1.
From the univariate case of Pearson’s r represented in equation J.2 the more
typical equation for Moran’s I (equation 6.1) is derived directly by simplification:

I = Pn

i=1

Pn Pn
ωij (yi − ȳ)(yj − ȳ)
i=1
Pj=1
·
n
2
j=1 ωij
i=1 (yi − ȳ) /n

1
Pn

(J.3)
Pn Pn
n
j=1 ωij (yi − ȳ)(yj − ȳ)
i=1
P
·
= Pn Pn
n
2
j=1 ωij
i=1
i=1 (yi − ȳ)
Recognition of the relationship to Pearson’s r extends beyond historical interest
to understanding how Moran’s I is constructed and its behaviour within its range
[−1, 1]; however, while engaging with the historical record it should be noted that
the true lineage of the bivariate correlation measure accredited to Pearson – often
attributed to Francis Galton (1888) – can be traced as far back as Auguste Bravais (1844). Additionally, the range of Moran’s I is not strictly confined to the
defined range of [−1, 1] derived from Pearson’s r (although range does adhere to
these bounds with row-standardised weights, as used here), and the mid-point (of
no spatial autocorrelation) is not 0 but −1/(m − 1); convergence occurs asymptotically with increasing numbers of regions in regular/lattice-like arrangement (Chun
& Griffith, 2013).

J.2

Pseudo-significance

Analytical methods do exist for inferential purposes. Cliff and Ord (1981) derived a
complex formula for the variance with assumption of i.i.d. normal distribution which
may be used in analytical analysis of Moran’s global I, although alternatives exist; for
1

This is referred to here as a “weights” matrix for compatibility with its place in the body of
the thesis – and more generally. It shares with usage of the weights matrix in the thesis that the
“weights” are binary to indicate that polygons exist either as neighbours or not; however, fractional
entries are equally applicable where there is an empirical basis for their inclusion.
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P P
the analytical case, with n ≥ 25, variance may be approximated by 2/( i j wij )
which also holds for non-normality (Griffith, 2010). However, as noted in the body
of the thesis, Monte Carlo simulation is used in all cases.
Numerical methods have the advantage of requiring no assumptions from classical
sampling theory in terms of independence of observations. Random permutations
are applied which repeatedly shuffle observations spatially and results compared
to a reference distribution to determine the likelihood that the coefficient might
come from a random distribution (Anselin & Bera, 1998). In the case of Moran’s I,
GeoDaCenter (2017) describes the derivation of pseudo-p values as:
. . . computed as (M + 1)/(R + 1) where R is the number of replications
and M is the number of instances where a statistic computed from the
permutations is equal to or greater than the observed value (for positive
local Moran) or less or equal to the observed value (for negative local
Moran).
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K
Moran scatterplots

Moran scatter plots are provided in this appendix for all variables. Table K.1 lists
the regression line slopes for each plot; in all cases these are identical to global
Moran’s I values presented in chapter 6.
Table K.1: Regression-line slopes for Moran scatter plots
Case study

Variable

Slope

CHICAGO

Violence
Disadvantage
Heterogeneity
Mobility
Family disruption
Urbanisation

0.7033
0.6059
0.7725
0.6557
0.6108
0.4475

SYDNEY

Violence
Disadvantage
Heterogeneity
Mobility
Family disruption
Urbanisation

0.5224
0.7166
0.7560
0.4702
0.3703
0.6953

Although Moran scatter plots were not presented in a diagnostic context in the
body of the thesis, their inclusion in this appendix reflects clear diagnostic value
that was explored in the research. For example, the global Moran’s I for family
disruption in the Sydney case study was 0.3703 – strongly significant, but nevertheless surprisingly low (especially given its later prominence in modelling results).
However the scatter plot reveals the presence of influences that account for a low
indicator for global spatial autocorrelation; it is also evident that this masks strong
indicators of spatial autocorrelation at the local level, explaining later results. The
plots were typically used for such explorations of internal consistency rather than for
comparative purposes so there is no commonality of scale or centring of the origin.
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Figure K.1: Moran’s scatter plots for Chicago (top to bottom, left to right):
Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence
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Figure K.2: Moran’s scatter plots for Sydney (top to bottom, left to right):
Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence
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L
LISA significance plots

LISA plots have direct relevance to discussions present in the body of the thesis
and are included in situ. This is not the case with LISA significance plots since all
discussions use the same levels of significance (α = 0.05) unless otherwise stated.
LISA significance plots are included here for completeness.
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Figure L.1 has been removed from this version of the Thesis.

Figure L.1: LISA significance plots for Chicago (top to bottom, left to right):
Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence. Black = zero-population CTs
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Figure L.2 has been removed from this version of the Thesis.

Figure L.2: LISA significance plots for Sydney (top to bottom, left to right):
Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence. Black = zero-population POAs
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Additional OLS diagnostics

M.1

Leverage

Cook’s D (Cook, 1977) is used as means of exploring leverage in residuals, where
a value exceeding 1 suggests influence worth further exploration. Figures M.1 and
M.2 present Cook’s D schematically for Sydney and Chicago, respectively.

Figure M.1: Residuals vs leverage in OLS indicating Cook’s distance: Sydney
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M.2. Effect of deletion

Figure M.2: Residuals vs leverage in OLS indicating Cook’s distance: Chicago
For Sydney a single observation exceeding Cook’s distance of 1.0 was noted for
POA 2052 – the University of NSW; another was observed at just over 0.5 for POA
2175 – Horsley Park. No such observations were apparent in the Chicago case.
The preferred approach throughout the thesis is to avoid data removal in response
to outliers in favour of observing and testing their relevance. However, in the case of
model selection, this raises the question as to whether or the influence of outliers is
sufficient to alter the selection outcome. The remainder of this appendix addresses
that question by re-engaging the model selection process using data with outlier(s)
removed.

M.2

Effect of deletion on model selection

Having identified at least one observation with substantial influence on the standard
linear regression, possible effects on model selection are explored for the Sydney case
study. The model selection process from chapter 7 is engaged. Table M.1 presents
the Lagrange Multiplier tests with the single influential observation removed from

448

APPENDIX M. ADDITIONAL OLS DIAGNOSTICS

M.2. Effect of deletion

the dataset.
Table M.1: LM test results (df = 1): Sydney, influential observation removed
Test
LMρ
LMλ
RLMρ
RLMλ

Statistic

p-value

37.12
28.85
9.53
1.25

 0.0001
 0.0001
0.0020
0.2627

The results of this lead to estimation of a Spatial Durbin Model in step 2(a) and
from there to step 2(b) to estimate a SAR model on the basis that ρ 6= 0 and one
of these is therefore the preferred model. A post-regression LRγ test is conducted
leading to rejection of the null hypothesis, H0 : γ = 0 (11.683, p = 0.0394), resulting
in selection of SDM as the preferred model. This is unchanged and, therefore, no
influence is exerted on the model selection process. The same process was applied
to the both observations with leverage exceeding a lower Cook’s D threshold of
0.5, with the same result. Also, neither of these SDM models resolved the issue of
persistent spatial autocorrelation in the residuals.
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Additional model coefficients

Tables of coefficients for preferred models are presented in chapter 8; this appendix
includes coefficients for all other models. Where robust p-statistics are indicated,
this is in response to heteroscedasticity of the model.
Note: in Sydney case, the only difference in significance outcomes where heteroscedasticity suggested robust p tests be applied arises in the results for SEM:
standard statistics showed a p-value of 0.0078 whereas robust p-values indicated no
significance at α = 0.05.
Note: robust p values where indicated do not apply to the scalars, ρ and λ,
where standard values are presented.
As selected models, SDM coefficients are presented for both case studies in the
body of the thesis.

N.1

Chicago
Table N.1: OLS coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

0.0000
0.2792
-0.1808
0.2306
0.4494
-0.2490

***
**
***
***
***

Std. Err.

t-value

P r(> |t|)

0.0164
0.0335
0.0518
0.0518
0.0307
0.0365

0.0000
8.8685
-3.4880
7.8525
14.6345
-6.8236

1.0000
 0.0001
0.0005
 0.0001
 0.0001
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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N.1. Chicago

Table N.2: SAR coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ

-0.0134
0.1641
-0.0777
0.1784
0.2535
-0.2264
0.5208

Std. Err.

z-value

P r(> |z|)

0.0163
0.0236
0.0986
0.0233
0.0271
0.0286
0.0293

-0.8219
6.9394
-3.9111
7.6634
-7.9130
-7.9130
17.7540

0.4111
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001

***
***
***
***
***
***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.3: SLX coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

0.0118
0.1412
-0.1338
0.1387
0.2602
-0.3087
0.1720
0.0667
0.1194
0.4776
0.2079

***
—
***
***
***
*

—
***
***

Std. Err.

t-value

P r(> |t|)

0.0164
0.0335
0.0518
0.0294
0.0307
0.0365
0.0602
0.0691
0.0491
0.0481
0.0454

0.7156
4.2151
-2.5813
4.7226
8.4729
-8.4607
2.8573
0.9661
2.4307
9.9209
4.4742

0.4745
 0.0001
0.0100
 0.0001
 0.0001
 0.0001
0.0044
0.3343
0.0153
 0.0001
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.4: SEM coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
λ

0.0158
0.1535
-0.1883
0.1444
0.2134
-0.3325
0.7750

Std. Err.

z-value

P r(> |z|)

0.0698
0.0228
0.0400
0.0258
0.0288
0.0349
0.0278

0.2267
5.3158
-4.7199
5.5884
7.4105
-9.5142
27.8560

0.0697
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001

***
***
***
***
***
***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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N.1. Chicago

Table N.5: SAC coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
λ

-0.0124
0.1753
-0.1031
0.1843
0.2540
-0.2597
0.4581
0.1841

Std. Err.

z-value

P r(> |z|)

0.0200
0.0251
0.0221
0.0239
0.0282
0.0309
0.0423
0.0772

-0.6188
6.9695
-4.6595
7.7138
9.0032
-8.4139
10.825
2.3831

0.5361
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001
0.0172

***
***
***
***
***
***
—

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.6: SDEM coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
λ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

0.0719
0.1500
-0.1524
0.1403
0.2595
-0.3080
0.5344
0.2083
0.0986
0.1491
0.4362
0.1849

***
***
***
***
***
***
***

—
***
**

Std. Err.

z-value

P r(> |z|)

0.0320
0.0271
0.0421
0.0248
0.0268
0.0333
0.0430
0.0728
0.0719
0.0636
0.0555
0.0507

0.5362
5.5355
-3.6152
5.6581
9.6900
-9.2494
12.418
2.8630
1.3723
2.3436
7.8624
3.6470

0.5918
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001
 0.0001
0.0042
0.1700
0.0191
 0.0001
0.0002

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.7: GNS coefficients (robust): Chicago
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
λ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

0.0163
0.1468
-0.1531
0.1385
0.2548
-0.3100
0.0547
0.4942
0.1912
0.1049
0.1344
0.4131
0.1985

***
*
***
***
***

**
*

—
***
***

Std. Err.

z-value

P r(> |z|)

0.0296
0.0273
0.0428
0.0250
0.0268
0.0334
0.1649
0.1271
0.0707
0.0712
0.0617
0.0539
0.0497

0.5517
5.3719
-3.5777
5.5359
9.4962
-9.2861
0.3315
3.8885
2.7041
1.4762
2.1818
7.6593
3.9964

0.5811
 0.0001
0.0003
 0.0001
 0.0001
 0.0001
0.7403
0.0001
0.0068
0.1399
0.0291
 0.0001
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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N.2

N.2. Sydney

Sydney
Table N.8: OLS coefficients (robust): Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation

-0.0248
0.0311
0.1327
0.1386
0.6242
0.1513

Std. Err.

t-value

P r(> |t|)

0.0513
0.1953
0.1329
0.1091
0.0881
0.1283

-0.4835
0.1593
0.9985
1.2699
7.0846
1.1795

0.6294
0.8736
0.3195
0.2058
 0.0001
0.2398

***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.9: SAR coefficients (robust): Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ

-0.0328
-0.0040
0.1017
0.1259
0.4956
0.0871
0.3893

Std. Err.

z-value

P r(> |z|)

0.0466
0.1823
0.1229
0.0850
0.0817
0.1024
0.0697

-0.7034
-0.0221
0.8275
1.4816
6.0680
0.8510
5.5868

0.4818
0.9823
0.4079
0.1385
 0.0001
0.3948
 0.0001

***

***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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N.2. Sydney

Table N.10: SLX coefficients: Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

0.0003
-0.1901
0.1776
0.1242
0.5449
0.2448
0.6124
-0.3014
0.3439
0.2007
-0.1800

***
—
*

—

Std. Err.

t-value

P r(> |t|)

0.0493
0.1125
0.1339
0.0830
0.0740
0.1040
0.2111
0.1745
0.1517
0.1384
0.1606

0.0060
-1.6900
1.3260
1.4970
7.3620
2.3530
2.9000
-1.7270
2.2670
1.4500
-1.1211

0.9953
0.0929
0.1867
0.1362
 0.0001
0.0198
0.0042
0.0859
0.0247
0.1488
0.2639

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.11: SEM coefficients (robust): Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
λ

-0.0598
-0.1033
0.2551
0.0518
0.5207
0.2307
0.5485

Std. Err.

z-value

P r(> |z|)

0.0963
0.1843
0.1523
0.1040
0.0805
0.1326
0.0745

-0.6204
-0.5607
1.6743
0.4984
6.4641
1.7392
7.3656

0.5350
0.5750
0.0941
0.6181
 0.0001
0.0820
 0.0001

***

***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.12: SAC coefficients: Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
λ

-0.0807
-0.1355
0.2816
0.0288
0.4898
0.2625
-0.2457
0.7217

Std. Err.

z-value

P r(> |z|)

0.1492
0.0938
0.1020
0.0693
0.0644
0.0863
0.1385
0.0809

-0.5412
-1.4448
2.7602
0.4159
7.6067
3.0416
-1.7745
8.9201

0.5884
0.1485
0.0058
0.6774
 0.0001
0.0023
0.0760
0.0023

*

***
*

***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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N.2. Sydney

Table N.13: SDEM coefficients: Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
λ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

-0.0275
-0.1473
0.2048
0.1069
0.5425
0.2461
0.4349
0.3769
-0.2112
0.2063
0.1616
-0.1673

Std. Err.

z-value

P r(> |z|)

0.0777
0.0982
0.1142
0.0735
0.0646
0.0889
0.0845
0.0225
0.1790
0.1607
0.1420
0.1662

-0.3544
-1.4995
1.7931
1.4559
8.3936
2.7682
5.1440
1.6740
-1.1799
1.2837
1.1396
-1.0062

0.7230
0.1337
0.0729
0.1454
 0.0001
0.0056
 0.0001
0.0941
0.2380
0.1992
0.2545
0.3143

***
*
***

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table N.14: GNS model coefficients: Sydney
Variable

Estimate

Intercept
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
ρ
λ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation

-0.007
-0.2174
0.2374
0.0560
0.4817
0.2840
0.7004
-0.4708
0.3689
-0.2876
0.1235
-0.2326
-0.2834

—
—

***
*
***
—
—
—

—

Std. Err.

z-value

P r(> |z|)

0.0277
0.0988
0.0116
0.0737
0.0678
0.0947
0.0983
0.1885
0.1623
0.1392
0.1204
0.1275
0.1298

-0.2447
-2.1998
2.0387
0.7596
7.1044
2.9986
7.1244
-2.4977
2.2724
-2.0652
1.0263
-1.9237
-2.1836

-0.8067
0.0278
0.0415
0.4475
 0.0001
0.0027
 0.0001
0.0125
0.0231
0.0389
0.3048
0.0682
0.0290

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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O
Details for partitioned order-n impact measures

The tables in this appendix present details of z- and p-values for partitioned order-n
impact measures for SDM models presented in chapter 9.
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Table O.1: z- and p-values for partitioned mean impact measures (SDM):
Sydney (MCMC, n = 2, 000)
Orders of neighbourhood (0-4)
W0
W1
W2
W3

Effect

Variable

Direct

Disadvantage

-1.7922
0.0731

1.9247
0.0543

-0.8243
0.4098

1.1948
0.2322

0.2377
0.8121

Heterogeneity

1.8279
0.0676

-1.6166
0.1060

1.1312
0.1895

-0.9435
0.3454

0.6237
0.5328

Mobility

1.1576
0.2470

1.2551
0.2094

1.5915
0.1115

1.2918
0.1964

1.1911
0.2336

7.7171
 0.0001

-0.6228
0.5334

2.8171
0.0048

1.4168
0.1565

1.5052
0.1323

Urbanisation

2.9212
0.0035

-1.6632
0.0962

1.8500
0.0643

-0.7025
0.4824

0.9655
0.3343

Disadvantage

2.0680
0.0386

0.9165
0.3594

1.2542
0.2097

0.9487
0.3428

0.8758
0.3811

Heterogeneity

-1.7330
0.0831

0.0606
0.9516

-0.7610
0.4466

-0.3574
0.7208

-0.4686
0.6394

1.2899
0.1971

2.1136
0.0345

1.6517
0.0986

1.4179
0.1562

1.1611
0.2456

Disruption

-0.5955
0.0551

4.4458
 0.0001

2.4364
0.0148

2.0002
0.0455

1.5153
0.1297

Urbanisation

-1.7953
0.0726

0.7132
0.4757

-0.2768
0.7819

0.1739
0.8620

-0.0269
0.9785

Disadvantage

1.2678
0.2048

1.2322
0.2178

1.1170
0.2640

0.9809
0.3266

0.8525
0.3939

Heterogeneity

-0.5001
0.6170

-0.4921
0.6227

-0.4686
0.6394

-0.4368
0.6623

-0.4017
0.6879

Mobility

2.0744
0.0380

2.0135
0.0441

1.7126
0.0868

1.4097
0.1586

1.1668
0.2433

Disruption

3.5397
0.0004

3.6636
0.0002

2.7173
0.0066

1.9853
0.0471

1.5226
0.1278

Urbanisation

0.1292
0.8972

0.1126
0.9103

0.0950
0.9243

0.0783
0.9376

0.0634
0.9494

Disruption

Indirect

Mobility

Total

z-values are listed on the top line; p-values are listed underneath
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Table O.2: z- and p-values for partitioned mean impact measures (SDM):
Chicago (MCMC, n = 2, 000)
Orders of neighbourhood (0-4)
W0
W1
W2
W3

Effect

Variable

Direct

Disadvantage

5.2461
 0.0001

1.1014
0.2707

5.1034
 0.0001

3.5270
0.0004

3.1645
0.0015

Heterogeneity

-4.6184
 0.0001

3.1687
0.00015

-3.6087
0.0003

0.6631
0.5073

-2.1050
0.0353

Mobility

5.0072
 0.0001

0.1664
0.8678

5.1166
 0.0001

3.6907
0.0002

3.2838
0.0009

Disruption

8.4414
 0.0001

4.2515
 0.0001

6.8291
 0.0001

4.8872
 0.0001

3.5192
0.0004

Urbanisation

-16.8157
 0.0001

6.5342
 0.0001

-5.6523
 0.0001

0.9243
0.3553

-2.8907
0.0038

Disadvantage

1.1028
0.2701

5.4798
 0.0001

4.2871
 0.0001

3.7793
0.0001

3.0656
0.0022

Heterogeneity

3.3949
0.0007

-1.5255
0.1271

0.2255
0.8212

-0.4742
0.6354

-0.2347
0.8144

Mobility

0.1903
0.8490

6.2183
 0.0001

4.6034
 0.0001

4.0718
 0.0001

3.2469
0.0017

Disruption

3.8570
0.0001

10.9478
 0.0001

7.1915
 0.0001

4.8931
 0.0001

3.5832
0.0003

Urbanisation

0.1716
 0.0001

-3.2452
0.0012

0.1035
0.9175

-1.2246
0.2207

-0.7757
0.4379

Disadvantage

4.6576
 0.0001

4.9760
 0.0001

4.5300
 0.0001

3.7659
-0.0001

3.0767
0.0021

Heterogeneity

-0.4352
0.6634

-0.4234
0.6720

-0.4083
0.6831

-0.3904
0.6963

-0.3704
0.7111

Mobility

5.0286
 0.0001

5.4790
 0.0001

4.9644
 0.0001

4.0542
 0.0001

3.2600
0.0011

Disruption

8.6394
 0.0001

10.3447
 0.0001

7.2715
 0.0001

4.8939
 0.0001

3.5807
0.0003

-1.1499
0.2502

-1.1396
0.2545

-1.1124
0.2660

-1.0716
0.2839

-1.0212
0.3072

Indirect

Total

Urbanisation

z-values are listed on the top line; p-values are listed underneath
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Historical maps of Chicago: “Race” & “Ethnicity”

This appendix includes a small number of maps (in chronological order) to complement discussions of “race” and “ethnicity” in chapter 11. They not only establish
historical focus on the issues, but reinforce claims that in Chicago current patterns
of racially based segregation are strongly historically rooted.
Figure P.1 is from the work of Addams and the residents of Hull House (1895),
indicating nationalities and social conditions in Chicago. The extensive social mapping by residents of Hull House pre-dated the work of researchers from the Chicago
School and was an under-reported influence on them (Deegan, 2004).
Figure P.2 is reproduced from Bushnell (1901) and claims to portray the collocation of a number of socio-economic, physical and racial factors, including crime.
Figure P.3 is reproduced from Waifs of the Slum and their Way Out (Benedict,
1907) and delineates ethnic neighbourhoods (“Polish, Bohemian, Italian, Negro and
Jewish”) on a map of Chicago wards.
Figure P.4 is the earliest-known rendering (circa 1924) of Burgess’ influential
radial map of Chicago (University of Chicago Library, n.d.). Amidst the five “zones
of transition” observations of urban structure and geographical features (“hospital
center”, “factory zone”, “slum”, “Vice”, etc.) are collocated with regions defined on
the basis of “race” and “ethnicity”, e.g., “Black belt”, “Deutschland”, “Chinatown”,
“Little Sicily”, “Little Italy”, etc.
Figure P.5 is reproduced from The Tenements of Chicago, 1908–1935 (Abbott,
1970 [1936]).
Figure P.6 is reproduced from Shaw and McKay (1972 [1942]) in their exposition
of Social Disorganiation Theory in “Juvenile Delinquency and Urban Areas” and
indicates areas of predominant nationality and race.

459

APPENDIX P. HISTORICAL MAPS OF CHICAGO: “RACE” & “ETHNICITY”

Figure P.1 has been removed from this version of the Thesis for Copyright reasons.

Figure P.1: Hull House map of nationalities in Chicago from “Hull House Maps
and Papers: A presentation of Nationalities and Wages in a Congested District of
Chicago, together with Comments and Essays on Problems growing out of the
Social Conditions” (Addams & the residents of Hull House, 1895, Map No. 2, Polk
St to 12th, Jefferson St to Beach)
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Figure P.2 was removed from this version of the Thesis for Copyright reasons.

Figure P.2: The collocation of physical, socio-economic and ethnic attributes in
Chicago (north side of the map) — reproduced from Bushnell (1901, Map 4, p.291)
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Figure P.3 was removed from this version of the Thesis for Copyright reasons.

Figure P.3: The “locations of foreigners” in Chicago wards — reproduced from
Benedict (1907, p.46)
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Figure P.4 was removed from this version of the Thesis for Copyright reasons.

Figure P.4: Earliest-known rendering of Burgess’ radial map of transition zones
in Chicago (University of Chicago Library, n.d.)
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Figure P.5 was removed from this version of the Thesis for Copyright reasons.

Figure P.5: Chicago’s “Black Belt” (1934) — reproduced from Abbott (1970
[1936], Map 11, p.119)
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Figure P.6 was removed from this version of the Thesis for Copyright reasons.

Figure P.6: Predominant nationality and race of heads by family nativity,
Chicago, 1930 (Shaw & McKay, 1972 [1942], Map 6, p.41)
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Q
Quantile Choropleths

All choropleths derived directly from data use quantile cut-points. As described
in chapter 5, this was found to give the best presentation. However, choropleths
produced by models use manual cut-points set to those of the accompanying databased choropleth. That is, bins are preserved from the data-generated map and
applied to the model-generated map.
This appendix includes choropleths for model-generated data with cut-points
re-applied using quantiles.

Figure Q.1 has been removed from this version of the Thesis.

Figure Q.1: Quantile choropleths for models: Chicago
SDM from figure 8.3 (left); Regime-switching SDM from figure 11.9 (right)
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Figure Q.2 has been removed from this version of the Thesis.

Figure Q.2: Quantile choropleths for models: Sydney
SDM from figure 8.2 (left); Mediated SAR from figure 10.7 (right)
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Simple code listings for R

R.1

Acknowledgements

All computation is performed using R (Ihaka & Gentleman, 1996; R Core Development Team, 2016) in the RStudio development environment (RStudio, 2015), with
numerous libraries (“packages”), including:
 Spatial packages, principally sp (Bivand, Pebesma, & Gómez-Rubio, 2013;

Pebesma & Bivand, 2005), spdep and spatialreg (Bivand et al., 2016; Bivand,
Hauke, & Kossowski, 2013; Bivand, Pebesma, & Gómez-Rubio, 2013; Bivand
& Piras, 2015);
 The raster package (Hijmans, 2016);
 The rgeos package for some polygon operations (Bivand & Rundel, 2016);
 The vioplot package for violin plots (Adler & Kelly, 2020);
 Mapping packages such as cartography (Giraud & Lambert, 2016);
 Descriptive statistics packages such as DescTools (Signorell, 2017);
 The MarginalMediation package for mediation analysis (Barrett, 2019);
 The fmsb package for diagnostics including Nagelkerke R̄2 (Nakazawa, 2019);
 The sandwich package for determining robust HC standard errors and p-

values (Zeileis, 2004; Zeileis et al., 2020);
 The aplpack package for creation of bag plots (Wolf, 2019); and
 The lmtest package for many regression diagnostics, such as Breusch-Pagan

(and related) tests (Zeileis & Hothorn, 2002).
Note that many functions in spdep have been recently deprecated and moved to
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R.2. Code segments

spatialreg.

R.2

Code segments

Code segments reflect operations performed in R during the course of the research.
It therefore excludes more recent developments, evident in packages such as sf
(Pebesma, 2017) for “simple features” in mapping, for example.
Only relatively simple examples are provided as more complex code is associated
with highly interactive usage where the form is responsive to prior results.
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R.2. Code segments

Code segment R.1 has been removed from this version of the Thesis.

Code segment R.1: Proportional mapping
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R.2. Code segments

Code segment R.2 has been removed from this version of the Thesis.

Code segment R.2: Choropleths
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R.2. Code segments

R includes a function to generate Moran scatter plots – moran.plot(). However, they were manually created for production purposes and provide a basis for
understanding the process and underlying concepts.

Code segment R.3 has been removed from this version of the Thesis.

Code segment R.3: Moran’s scatter plot
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R.2. Code segments

Code segment R.4 has been removed from this version of the Thesis.

Code segment R.4: LISA plot
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R.2. Code segments

Code segment R.5 has been removed from this version of the Thesis.

Code segment R.5: LISA significance plot
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R.2. Code segments

Code segment R.6 has been removed from this version of the Thesis.

Code segment R.6: Global Moran’s I
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R.2. Code segments

Code segment R.7 has been removed from this version of the Thesis.

Code segment R.7: White’s test example
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R.2. Code segments

The code for non-spatial and spatial Chow tests is taken verbatim from Anselin
(2007, pp.110 & 114, respectively) as it is not clear that suitable alternatives exist
within R libraries.

Code segment R.8 has been removed from this version of the Thesis.

Code segment R.8: Non-spatial Chow test

Code segment R.9 has been removed from this version of the Thesis.

Code segment R.9: Spatial Chow test
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Addenda to chapter 11

This appendix addresses two issues raised in chapter 11: (i) the decision to exclude
“Asian” as a race category; and (ii) the presentation of all results for 50% threshold
for determining racial dominance.

S.1

Exclusion of “Asian” as a race category

Chapter 11 considered the effects of dominant racial presence on modelling results
for Chicago. Asian arrivals to Chicago have been growing since early 1980s and are
often employed as professionals – especially evident with the largest groups, Filipino
and Indian (Waldinger & Lee, 2001). Despite this, Asian-dominant census tracts
are excluded from the main results on the basis that the relatively small numbers
involved risked anomalous statistical results and bias the scale of plots to the extent
that other results are masked. For transparency, results are reproduced with Asiandominant tracts included, and examples of anomalous behaviour provided.
The equivalent to figure 11.3 is provided in figure S.1. It can be seen that only
one Asian-dominant tract exists at the 75% threshold adopted in chapter 11.

Table S.1: Number of census tracts by dominant racial presence
Threshold
50%
75%

Racial group
Asian
Black
Latino
White
none

6
292
177
279
40
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Previewing 50% thresholds for racial dominance in section S.2 of this appendix,
table S.2 is a reconstruction of table S.6 with Asian counts included.

Table S.2: OLS spatial ANOVA for racial presence at 50%
threshold (results relative to categorical variable “none”)
Variable

Estimate

Std. Err.

t-value

P r(> |t|)

(Intercept)
Asian
Black
Latino
White

-0.2198—
-0.8250*
1.1832***
0.0286
-0.6132***

0.0996
0.2759
0.1063
0.1103
0.1066

-2.2061
-2.2290
11.1350
0.2590
-5.7540

0.0277
0.0029
 0.0001
0.7956
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table S.3 is a reconstruction of table 11.5 with Asian counts included for a racial
dominance threshold of 75%.

Table S.3: OLS spatial ANOVA for racial presence at 75%
threshold (results relative to categorical variable “none”)
Variable

Estimate

Std. Err.

t-value

P r(> |t|)

(Intercept)
Asian
Black
Latino
White

-0.2820***
-0.3064
1.3271***
0.1070
-0.7564***

0.0369
0.6416
0.0547
0.0787
0.0632

-7.6380
-0.4770
24.2400
1.3590
-11.9700

 0.0001
0.6330
 0.0001
0.1750
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

One of the obvious effects of modelling spatial regimes with the Asian category
included is that interaction effects in regression models generate “NA” entries in
tabular data and plots exhibit anomalous results which prevent other effects from
being clearly presented. This is evident in the following two figures.
Figure S.1 is a reconstruction of figure 11.4 with Asian-dominant tracts included,
demonstrating anomalous presentation at 50% threshold.

Figure S.2 is an example of an effect plot (similar to those in figure 11.8 minus
confidence intervals).
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Figure S.1: Spatial ANOVA plots based on thresholds of racial presence:
50% (left) and 75% (right)

Figure S.2: Effect plot including Asian-dominant tracts
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S.2. 50% threshold

Results of analysis for 50% threshold

Each of the elements in chapter 11 that is presented for a dominance threshold of
75% – for reasons explained in situ – is reproduced in the remainder of this appendix
for a weaker test of dominant racial presences using a threshold of 50%. Its main
purpose is to justify the decisions made in chapter 11 and therefore stops at the point
where this is established rather than embrace an alternative modelling narrative.
These correspond directly to entries in chapter 11, so no commentary is provided.
For convenience, table S.4 lists correspondences between results presented here and
those presented in chapter 11.
Table S.4: Index of correspondences with chapter 11

50% threshold
Figure S.3
Table S.5
Table S.6
Table S.7
Table S.8
Figure S.4
Figure S.5
Table S.9
Table S.10
Table S.11
Table S.12
Table S.13
Model selection (p.487)
Table S.14
Table S.16
Table S.17
Table S.15
Table S.18
Table S.19
Table S.20
Figure S.6

Chapter 11
75% threshold
Page #
Figure 11.5
Table 11.4
Table 11.5
Table 11.6
Table 11.7
Figure 11.6
Figure 11.8
Table 11.10
Table 11.9
Table 11.8
Table 11.12
Table 11.11
Table 11.13
Table 11.15
Table 11.16
Table 11.14
Table 11.17
Table 11.18
Table 11.19
Figure 11.9

226
227
228
230
231
232
239
236
235
234
238
237
236
241
243
244
242
245
246
247
248

Table S.5: Join-count statistics of Chicago tracts based on dominant racial
presence at 50% threshold (MCMC, n=10,000)
Dominant presence
none
Black
Latino
White
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Join count

p-value

7.90
128.11
65/56
115.81

 0.0001
 0.0001
 0.0001
 0.0001
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Table S.6: OLS spatial ANOVA for racial presence at 50%
threshold (results relative to categorical variable “none”)
Variable

Estimate

Std. Err.

t-value

P r(> |t|)

(Intercept)
Black
Latino
White

-0.3274**
1.2909***
0.1362
-0.5056***

0.0934
0.1005
0.1048
0.1008

-3.506
12.847
1.299
-5.016

0.0005
 0.0001
0.1942
 0.0001

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Table S.7: OLS intercept-only model for racial presence at 50%
threshold (results relative to categorical variable “none”)
Variable

Estimate

Std. Err.

t-value

P r(> |t|)

(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White

-0.2588*
0.2034***
-0.0391
0.2667***
0.2816***
-0.2202***
0.7586***
0.1873—
-0.1762—

0.0817
0.0264
0.0272
0.0272
0.0302
0.0204
0.1075
0.0869
0.0857

-3.169
7.690
-1.438
-1.438
9.310
-10.788
7.057
2.157
-2.057

0.0016
 0.0001
0.1510
 0.0001
 0.0001
 0.0001
 0.0001
0.0313
0.0400

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Figure S.3: Plots of independent variables vs Violence by racial presence at 50%
threshold (blue = Black; orange = Latino; green = White; grey = none): (top-left
to bottom-right) Disadvantage, Heterogeneity, Mobility, Disruption, Urbanisation,
violin plot of Violence by racial presence
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Table S.8: OLS intercept-slope model for racial presence at 50% threshold
(results relative to categorical variable “none”): Interaction effects
indicated by “×”
Variable

Estimate

Std. Err.

(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.3653—
-0,0018
0.1561
0.2122
0.4331***
-0.3150***
0.7342***
0.2790
-0.1032
0.2231—
0.1311
0.3013—
-0.2956—
-0.2204
-0.1083
-0.0567
-0.0272
0.2536—
-0.1598
-0.1949
-0.2038
0.1136
0.2128—
-0.0316

0.1575
0.1018
0.1242
0.1151
0.0964
0.0750
0.1721
0.1676
0.1781
0.1087
0.1158
0.1210
0.1369
0.1390
0.1328
0.1196
0.1317
0.1201
0.1107
0.1197
0.1070
0.0834
0.0866
0.0816

t-value

P r(> |t|)

-2.320
-0.018
1.257
1.844
4.491
-4.202
4.267
1.665
-0.579
2.052
1.132
2.491
-2.159
-1.585
-0.815
-0.474
-0.207
2.112
-1.444
-1.628
-1.904
1.374
2.488
-0.387

0.0206
0.9855
0.2092
0.0656
 0.0001
 0.0001
 0.0001
0.0964
0.5625
0.0405
0.2578
0.0130
0.0312
0.1133
0.4152
0.6355
0.8364
0.0350
0.1492
0.1039
0.0572
0.1699
0.0131
0.6987

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold

Figure S.4: Effect plots for Disadvantage (racial presence at 50% threshold):
Intercept-only (left) and intercept-slope (right)
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Figure S.5: Effect plots including 95% confidence interval bands (racial presence
at 50% threshold): (top-left to bottom-right) Disadvantage, Heterogeneity,
Mobility, Disruption, Urbanisation, and racial presence alone
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Table S.9: Moran’s I test of residuals:
racial presence for spatial regimes using 50% threshold
Model
Base model
Spatial regimes only
Spatial regimes: Intercept-only
Spatial regimes: Intercept-slope

Statistic

p-value

0.2412
0.3447
0.2298
0.2010

 0.0001
 0.0001
 0.0001
 0.0001

Table S.10: Non-spatial Chow tests using racial presence at 50% threshold
against constrained (base) model
Unconstrained model
Intercept only
Intercept and slope

Statistic

p-value

19.5796
35.0215

 0.0001
 0.0001

Table S.11: ANOVA results for OLS models using racial presence at 50%
threshold
Test
1

2

3

Models

RSS

df

SumSq

F

P r(> F )

Base model
Intercept-only

236.72
205.81

3

30.918

39.309

 0.0001

Spatial regimes only
Intercept-only

316.87
205.81

5

111.170

84.805

 0.0001

Intercept-only
Intercept-slope

205.81
186.59

15

19.219

5.287

 0.0001

Table S.12: Model diagnostics for threshold of 50% racial presence (OLS
and SDM): Intercept-slope models
Test
Log Likelihood
AIC
BIC
R̄2
Koenker-Bassett
Robust Jarque-Bera

OLS

SDM

-577.31
1206.62
1328.23
0.7490
44.06
5946.20

-413.57
924.15
1154.33
0.8338
112.74
3932.00

(24, 0.0075)
(2,  0.0001)

Entries in parentheses indicate (df , p-value)
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Table S.13: Lagrange Multiplier test results (df = 1):
Regime-switching slope-intercept model
Test
LMρ
LMλ
RLMρ
RLMλ

Statistic

p-value

145.74
97.583
55.128
6.972

 0.0001
 0.0001
 0.0001
0.0083

Description of selection process for intercept-slope model:
No significant differences are observed between ρ and λ using LM tests, so robust
variants (RLM) are employed. These also fail to detect significant differences; that
is, the null hypotheses that H0 : ρ = 0 and H0 : λ = 0 fail to be rejected. In response,
an SLX model is estimated (in accordance with Step 1(b), page 148) and a postregression Likelihood Ratio (LRγ ) test is conducted (Step 1(d), page 148) against
the null hypothesis that H0 : γ = 0. The results (χ2 (29) = −222.19, p  0.0001)
lead to rejection of the null hypothesis – suggesting the unconstrained (SLX) model
is preferred over the constrained (OLS) one. Finally, a Spatial Durbin model is
estimated in response (Step 1(f), page 149), in order to test the null hypothesis
of H0 : ρ = 0. The results of the Likelihood Ratio test (LRρ : χ2 (1) = −60.364,
p  0.0001) lead to a rejection of the null hypothesis. As a result, the constrained
(SLX) model is rejected and SDM is selected as the preferred model.
Additionally, results for the spatial Chow test are C = 113.959, p  0.0001.
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Table S.14: SDM coefficients for spatial regimes model (robust):
50% threshold of racial presence (results relative to categorical variable “none”)
Variable

Estimate

Std. Err.

z-value

P r(< |z|)

(Intercept)
Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White
ρ
γ-Disadvantage
γ-Heterogeneity
γ-Mobility
γ-Disruption
γ-Urbanisation
γ-Black
γ-Latino
γ-White
γ-(Disadvantage × Black)
γ-(Disadvantage × Latino)
γ-(Disadvantage × White)
γ-(Heterogeneity × Black)
γ-(Heterogeneity × Latino)
γ-(Heterogeneity × White)
γ-(Mobility × Black)
γ-(Mobility × Latino)
γ-(Mobility × White)
γ-(Disruption × Black)
γ-(Disruption × Latino)
γ-(Disruption × White)
γ-(Urbanisation × Black)
γ-(Urbanisation × Latino)
γ-(Urbanisation × White)

-0.5761—
0.0508
0.0387
0.0916
0.2881***
-0.3643***
0.4345**
0.0973
-0.0985
0.0891
0.0172
0.0923
-0.1903
-0.1144
-0.0930
0.0056
0.0339
0.1428
-0.1167
-0.1635—
-0.1351
0.0654
0.1667—
-0.0579
0.3921***
-0.1425
0.2243
-0.1111
-0.1171
0.2332
0.3269
0.3332
0.9212—
0.2208
0.2703
0.5530—
0.1008
-0.0695
-0.2391
0.0645
0.0338
0.3183
0.4013
0.1877
0.3737
-0.0115
0.0476
0.0016

0.2398
0.0729
0.1022
0.0832
0.0658
0.0773
0.1291
0.1492
0.1344
0.0815
0.0816
0.1199
0.1192
0.1222
0.1039
0.0839
0.0885
0.0943
0.0818
0.0800
0.0769
0.0864
0.0810
0.0938
0.0474
0.2181
0.2144
0.2015
0.1995
0.1528
0.2850
0.2942
0.3628
0.2287
0.2348
0.2585
0.2373
0.2464
0.2807
0.1988
0.2215
0.2330
0.2318
0.2281
0.2542
0.1708
0.1653
0.1748

-2.4027
0.6867
0.3787
1.1007
4.3763
-4.7111
3.3655
0.6521
-0.7325
1.0933
0.2106
0.7699
-1.5969
-0.9360
-0.8954
0.0663
0.3828
1.5149
-1.4263
-2.0445
-1.7565
0.7573
2.0585
-0.6168
8.2680
-0.6536
1.0459
-0.5517
-0.5869
1.5260
1.1470
1.1327
2.5391
0.9654
1.1513
2.1398
0.4250
-0.2822
-0.8516
0.3244
0.1526
1.3660
1.7308
0.8228
1.4703
-0.0673
0.2881
0.0091

0.0163
0.4860
0.7049
0.2710
 0.0001
 0.0001
0.0008
0.5144
0.4639
0.2742
0.8332
0.4413
0.1103
0.3492
0.3706
0.9472
0.7019
0.1298
0.1538
0.0409
0.0790
0.4488
0.0395
0.5373
 0.0001
0.5134
0.2956
0.5812
0.5573
0.1270
0.2514
0.2573
0.0111
0.3343
0.2496
0.0324
0.6709
0.7777
0.3944
0.7457
0.8787
0.1719
0.0835
0.4106
0.1415
0.9462
0.7733
0.9927

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Table S.15: Mean impact measures (MCMC, n = 2, 000):
50% threshold of racial presence
Part 3: Total measures (results relative to categorical variable “none”)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Total

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.1510
0.4326
-0.0321
0.3672
-0.2157
0.1252—
0.7082
1.3535*
0.5098
0.4730
1.0617*
-0.1471
-0.3026
-0.5463
0.1152
0.1113
0.7586—
0.4682
0.0398
0.3926
0.0887
0.3526
-0.0926

0.3110
0.3213
0.3437
0.2528
0.2528
0.4996
0.4499
0.5246
0.3342
0.3624
0.3729
0.3691
0.3568
0.3529
0.3487
0.4044
0.3621
0.4249
0.4382
0.4095
0.2895
0.2840
0.2730

-0.4413
1.3315
-0.0573
0.0773
-0.8394
2.5282
1.5776
2.5866
1.4796
1.2725
2.7945
-0.3696
-0.8219
-1.5193
0.2932
0.2435
2.0478
1.0995
0.0934
0.9707
0.2855
1.2364
-0.3354

0.6590
0.1830
0.9542
0.4395
0.4012
0.0115
0.1146
0.0097
0.1390
0.2032
0.0052
0.7117
0.4111
0.1287
0.7670
0.8076
0.0406
0.2715
0.9256
0.3317
0.7752
0.2163
0.7374

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Table S.16: Mean impact measures (MCMC, n = 2, 000):
50% threshold of racial presence
Part 1: Direct measures (results relative to categorical variable “none”)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

0.0415
0.0567
0.0860
0.2878***
-0.3575***
0.4720*
0.1253
-0.0319
0.1084
0.0381
0.1367
-0.1883
-0.1230
-0.1138
0.0106
0.0374
0.1710
-0.0898
-0.1542
-0.1109
0.0665
0.1752—
-0.0595

0.0873
0.1174
0.0977
0.0836
0.0668
0.1580
0.1667
0.1642
0.0918
0.0999
0.1050
0.1277
0.1334
0.1246
0.0998
0.1108
0.1033
0.0948
0.1037
0.0935
0.0747
0.0738
0.0713

0.5144
0.4956
0.9133
3.4514
-5.3614
3.0254
0.7732
-0.1579
1.1447
0.3318
1.2690
-1.4713
-0.9252
-0.9278
0.0770
0.3093
1.6183
-0.9742
-1.4545
-1.1872
0.8942
2.3860
-0.8292

0.6069
0.6202
0.3611
0.0006
 0.0001
0.0025
0.4394
0.8745
0.2523
0.7400
0.2044
0.1412
0.3549
0.3535
0.9386
0.3549
0.3535
0.3299
0.1458
0.2351
0.3712
0.0170
0.4070

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Table S.17: Mean impact measures (MCMC, n = 2, 000):
50% threshold of racial presence
Part 2: Indirect measures (results relative to categorical variable “none”)
Effect

Variable

Impact

Std. Err.

z-value

Pr(< |z|)

Indirect

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.1925
0.3759
-0.1181
-0.0064
0.1418
0.7805
0.5829
1.3854*
0.4014
0.4349
0.9249*
0.0412
-0.1796
-0.4325
0.1047
0.0739
0.5876
0.5581
0.1940
0.5035
0.0222
0.1774
-0.0331

0.2819
0.3074
0.3085
0.3328
0.2246
0.4630
0.4261
0.4875
0.3033
0.3279
0.3403
0.3484
0.3425
0.3385
0.3162
0.3641
0.3273
0.3850
0.3963
0.3688
0.2581
0.2564
0.2454

-0.6462
1.2024
-0.3531
-0.0144
0.6492
1.6955
1.3633
2.8365
1.2834
1.3053
2.6707
0.1476
-0.4957
-1.2425
0.2990
0.1763
1.7553
1.4536
0.4840
1.3790
0.0616
0.6817
-0.1323

0.5182
0.2292
0.7240
0.9885
0.5162
0.0900
0.1728
0.0046
0.1993
0.1918
0.0076
0.8827
0.6201
0.2141
0.7649
0.8601
0.0792
0.1461
0.6284
0.1679
0.9509
0.4954
0.8948

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
Significant terms (at α = 0.05) are indicated in bold
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Table S.18: Partitioned mean impact measures (MCMC, n = 2, 000):
50% threshold of racial presence
Part 1: Direct measures (results relative to categorical variable “none”
Orders of neighbourhood (0-4)
W1
W2
W3
W4

Effect

Variable

W0

Direct

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

0.0507
0.0387
0.0916
0.2881***
-0.3643***
0.4345*
0.0972
-0.0985
0.0891
0.0172
0.0923
-0.1903
-0.1144
-0.0930
0.0056
0.0339
0.1428
-0.1167
-0.1634
-0.1351
0.0654
0.1667—
-0.0579

-0.0086
0.0136
-0.0067
-0.0071
0.0142
0.0199
0.0202
0.0560
0.0134
0.0164
0.0336—
0.0061
-0.0042
-0.0145
0.0039
0.0020
0.0193
0.0244
0.0114
0.0227
-0.0007
0.0029
0.0000

-0.0000
0.0029
0.0012
0.0058—
-0.0066*
0.0132*
0.0052
0.0057
0.0040
0.0028
0.0070—
-0.0037
-0.0033
-0.0043
0.0007
0.0011
0.0062—
0.0007
-0.0023
0.0000
0.0015
-.0029
-0.0014

-0.0004
0.0011
-0.0005
0.0005
-0.0003
0.0028
0.0017
0.0035—
0.0012
0.0012
0.0026—
-0.0002
-0.0007
-0.0013
0.0003
0.0003
0.0018
0.0013
0.0002
0.0011
0.0002
0.0008
-0.0002

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
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-0.0000
0.0003
0.0000
0.0003
-0.0003
0.0011
0.0005
0.0009
0.0004
0.0003
0.0008
-0.0002
-0.0003
-0.0004
0.0000
0.0000
0.0006
0.0002
-0.0001
0.0002
0.0000
0.0003
-0.0000
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Table S.19: Partitioned mean impact measures (MCMC, n = 2, 000):
50% threshold of racial presence
Part 2: Indirect measures (results relative to categorical variable “none”
Orders of neighbourhood (0-4)
W1
W2
W3
W4

Effect

Variable

W0

Indirect

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.1426
0.2243
-0.1111
-0.1171
0.2332
0.3269
0.3332
0.9213*
0.2208
0.2703
0.5530—
0.1008
-0.0695
-0.2391
0.0645
0.0338
0.3183
0.4013
0.1877
0.3737
-0.0115
0.0476
0.0016

-0.0273
0.0895
-0.0009
0.0742
-0.0656
0.2787*
0.1485
0.2666—
0.1081
0.0963
0.2194*
-0.0412
-0.0679
-0.1157
0.0235
0.0245
0.1615—
0.0872
-0.0019
0.0708
0.0218
0.0812
-0.0222

-0.0141
0.0376
-0.0042
0.0204
-0.0135
0.1039—
0.0610
0.1208—
0.0436
0.0414
0.0922—
-0.0101
-0.0249
-0.0468
0.0101
0.0093
0.0647
0.0430
0.0060
0.0366
0.0068
0.0286
-0.0073

-0.0051
0.0148
-0.0010
0.0098
-0.0076
0.0431—
0.0242
0.0461
0.0175
0.0161
0.0363—
-0.0052
-0.0104
-0.0187
0.0039
0.0038
0.0260
0.0159
0.0012
0.0133
0.0031
0.0121
-0.0032

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
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-0.0021
0.0059
-0.0005
0.0037
-0.0028
0.0169
0.0096
0.0186
0.0069
0.0065
0.0145
-0.0019
-0.0041
-0.0074
0.0016
0.0015
0.0103
0.0065
0.0006
0.0054
0.0012
0.0047
-0.0012
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Table S.20: Partitioned mean impact measures (MCMC, n = 2, 000):
50% threshold of racial presence
Part 3: Total measures (results relative to categorical variable “none”
Orders of neighbourhood (0-4)
W1
W2
W3
W4

Effect

Variable

W0

Total

Disadvantage
Heterogeneity
Mobility
Disruption
Urbanisation
Black
Latino
White
Disadvantage × Black
Disadvantage × Latino
Disadvantage × White
Heterogeneity × Black
Heterogeneity × Latino
Heterogeneity × White
Mobility × Black
Mobility × Latino
Mobility × White
Disruption × Black
Disruption × Latino
Disruption × White
Urbanisation × Black
Urbanisation × Latino
Urbanisation × White

-0.0918
0.2630
-0.0195
0.1710
-0.1311
0.7614—
0.4305
0.8228*
0.3099
0.2875
0.6453*
-0.0894
-0.1840
-0.3321
0.0701
0.0767
0.4611—
0.2846
0.0242
0.2386
0.0539
0.2144
-0.0563

-0.0360
0.1031
-0.0076
0.0671
-0.0514
0.2985—
0.1688
0.3226—
0.1215
0.1127
0.2531*
-0.0351
-0.0721
-0.1302
0.0275
0.0265
0.1808—
0.1116
0.0095
0.0936
0.0211
0.0840
-0.0221

-0.0141
0.0404
-0.0030
0.0263
-0.0202
0.1171—
0.0662
0.1265—
0.0476
0.0442
0.0992—
-0.0137
-0.0283
-0.0511
0.0108
0.0104
0.0709
0.0438
0.0037
0.0367
0.0083
0.0330
-0.0087

-0.0055
0.0159
-0.0012
0.0103
-0.0079
0.0459—
0.0259
0.0496
0.0187
0.0173
0.0389—
-0.0054
-0.0111
-0.0200
0.0042
0.0041
0.0278
0.0172
0.0015
0.0144
0.0032
0.0129
-0.0034

p-value: ‘***’ < 0.0001; ‘**’ < 0.001; ‘*’ < 0.01; ‘—’ < 0.05
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-0.0022
0.0062
-0.0005
0.0040
-0.0031
0.0180
0.0102
0.0194
0.0073
0.0068
0.0153
-0.0021
-0.0043
-0.0078
0.0017
0.0016
0.0109
0.0067
0.0006
0.0056
0.0013
0.0051
-0.0013

APPENDIX S. ADDENDA TO CHAPTER 11

S.2. 50% threshold

Figure S.6 has been removed from this version of the Thesis.

Figure S.6: Spatial Durbin Model (SDM) plots for Chicago using spatial regimes
for racial presence at 50% (top-to-bottom, left-to-right): Choropleth of SDM fitted
values, residuals, LISA plot of SDM fitted values (I = 0.8240, p  0.0001),
significance plot, and – for comparison – choropleth and LISA plots of Violence
(I = 0.7033, p  0.0001)
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T
Reflections on “Race”

Chapter 11 introduced racially dominant presence as a new variable leading ultimately to a consideration of the effects of segregation as a basis for the determination of spatial regimes within the Chicago landscape. This required negotiating the
issue of “race” and “ethnicity”, resolved on the basis of simple decisions explained
in context. While these suffice for the purposes at hand this appendix is included to
augment the presentation with an overview of key relevant concepts. It is described
as a “reflection” as it is a summary of the author’s opinions and understood to be
one position among many.

T.1

Biological construction of “race”

Essentialism is the belief that “kind” is determined on the basis of fundamental and
“kind-specific essences” (Andreasen, 2007). Biological essentialism differentiates
social groups on the basis of biology, establishing fixed, discrete categories with
members sharing common traits determined by natural forces rather than by those
located within the social environment (Bastion & Haslam, 2006; Haslam et al., 2000;
Hurtado, 2019). Biological essentialism is the framework for what might be regarded
as the traditional view of “race”, defined initially on the basis of phenotype and
anthropometrics and – in its post-genomic variant – on the basis of genetic distance
(Baker, 1967)1 .
This has succeeded in lending a persistent, supposedly objective basis for the
concept of “race” as a means of assigning group membership to individuals. Thus,
“race” attained a status as a biological marker which could be determined and assigned – as evident in the US prior to 1960, when “race” was ascribed by census
takers known as “enumerators” (Brown, 2020). The biological basis for “race” is
something that also features prominently in clinical health research and yet attracts
1

The first (phenotypical) approach has also been referred to as the typological phase. As its
weaknesses were exposed the typological case for “race” as a biological phenomenon was replaced
by the phylogenetic phase in which geographical isolation supposedly resulted in “race” in the form
of distinct genetic lineage (Andreasen, 2007).
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some of its strongest criticism from biomedicine (Cooper, 2013). Widespread public
opinion is that a biological notion of “race” is either flawed or at least politically
incorrect (Suhay & Jayaratne, 2013). With respect to general unease about use of
the concept, perhaps it is in recognition of claims that the fundamental origins of
the concept as a biological marker is claimed as the basis for historically rooted inequity which persists along “racial” lines (Fox, 2017; Williams & Eberhardt, 2008).
As for more strident claims of “race” as a fundamentally flawed concept there is
a wealth of supporting argument. It is accused of being a vague and superficial
notion with easily repudiated intellectual authority (Fox, 2017) and little more than
a dated “label of convenience” in sub-species taxonomy (Cooper, 1984). Essentialism is also linked to tendencies to stereotype (Bastion & Haslam, 2006), and the
belief in a biological basis for “race” observed to influence social behaviour (e.g.,
Newman & Knobe, 2019). The portrayal of “races” as branches on an evolutionary
tree does not stand up to scrutiny, with most genetic diversity between individuals
occurring within population groups rather than between them (Fox, 2017; Templeton, 2013). The concept of phylogenetic “races” is dismantled by arguments of too
great a “gene flow” between these populations (Andreasen, 2007). Most accounts
of “race” within the context of human evolution have been condemned as false,
its representation misrepresented by media failures to understand textual nuances
(Templeton, 2013) and even biology textbooks coming under attack for their failure
to correct unfounded biological bases for “racial” thinking (Donovan, 2015).
Two important observations follow from the discussion thus far. First, the assertions that biological markers for “race” are flawed is acknowledged. Second, this
position does not necessarily reflect public perception despite increased sensitivity
to use of “race” as a concept. Facing what Goodman (2003) refers to as a “biological
myth” – that “race” is not actually a biological concept but rather one which has
been credited to biology – invokes a sense of cognitive dissonance:
That’s quite shocking to a lot of individuals. When you look and you
think you see race, to be told that no, you don’t see race, you just
think you see race . . . it’s based on your cultural lens - that’s extremely
challenging.
Thus, the idea that “races” are “natural” – that is, biological – is based on seemingly
obvious and observable differences between individuals. Nevertheless, the apparently
evident distinctions between “races” reflects a basic misunderstanding (Wright &
Rogers, 2021).

T.2

“Race”, geography and ancestry

The Office of Management and Budget (1997) and the U.S. Census Bureau (e.g.,
Humes et al., 2011) discuss “race” in terms of “having origins in. . . ” and “original
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peoples of [specific geographic locations] ”. If two words were used to summarise this
approach, they would probably be “ancestry” and “geography”, respectively.
With respect to geography, it should be noted that this resonates with phylogenetic approaches to defining “race” in biological terms, as described above. In
this view, biological conditions for “race” are satisfied on the basis of geographical
isolation restricting gene flow between populations (Andreasen, 2007).
With respect to ancestry, it is worth noting that it is an extremely fluid concept.
For example, the Asian “race” in the U.S. is regarded as a multitude of “races”
in Asian countries, such as Chinese, Japanese, Vietnamese, etc. In 1911, the U.S.
Immigration Commission assigned the Irish, Polish, Italian and English to different
“races” and, in contemporary Africa, Tutsi and Hutu populations have been referred
to as different “races” (Wright & Rogers, 2021).
This has been raised to make two observations about the U.S. basis for defining
“race” in terms of ancestry and geography. The first is that whether or not it directly
expresses a biological view of “race”, it does nothing to counter such interpretations
and, if anything, only validates biological arguments for it. The second is that even
if the definitions resonate with biological reasoning, they do not do so exclusively;
that is, in looking further it is evident that there is considerable room for the idea
of socially constructed meaning.

T.3

“Race” as a social construction

The United States Census Bureau (2020) states that the
. . . racial categories included in the census questionnaire generally reflect
a social definition of race recognized in this country and not an attempt
to define race biologically, anthropologically, or genetically.
Critical race theory embraces this proposition of “race” as a socially constructed
phenomenon, with particular interest in how structures of inequality and hierarchies
of social order are maintained by legal and social conceptions of “race” (Law &
Martin, 2014).
The tension between biological and social bases for “race” is perhaps strongest
in medicine, most notably with respect to “race”-based health disparities. Observations of greater risks of cancer, cardiovascular problems and diabetes associated
with Blacks than Whites (Gravlee, 2009) might appear to indicate a biological basis
for “race”. However, social and ecological factors prove to be even better predictors.
These include a host of influences ranging from exposure to environmental toxins
(Bryant & Mohai, 1992) to socio-economic status (Wilson et al., 2004).
Templeton2013: Many human societies classify people into racial categories.
These categories often have very real effects politically, socially, and economically.
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More recently, however, somehave come to see race as a social construct, initially
created forpurposes of maintaining a hierarchical social order but now ameaningful
marker of cultural orientation, social identity, and experiences with discrimination
(Smedley & Smedley, 2005).

T.4

Reflective summary

“Race” is a flawed concept in biology. As such, it might well be dismissed entirely,
were it not for two principle factors of relevance to the research.
The first is that it persists in the minds of many as a viable biological concept.
The idea that “race” does not exist is confronting. Meanwhile, its persistence shapes
opinions, influences relationships, maintains stereotypes and affects how policies are
developed and received. A biological basis grants all of these a sense of authority that
might not otherwise exist. Unfortunately, much of this is inherited from historical
excurions into “race science”, where pseudo-scientific practices created hierarchical
taxonomies of “race”. The legacy is racism and discrimination. This remains real
and relevant, even where the biological basis for it has been discredited.
The second factor for maintaining “race” in the narrative presented in the research lies purely in the social domain. It exists. It exists in dramatic levels of
urban segregation. It exists in differential effects of socio-economic status. It exists
in exposure to crime. And it exists in explaining different landscapes of opportunity.
That is, “race” is observable in the data and it explains social phenomena.
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The multiplicity problem

This is the first of two appendices which address fundamental research and reporting decisions in contested areas of practice. The current appendix addresses what is
sometimes called the multiplicity problem; appendix V considers the issue of formal
a priori hypotheses1 . Following some preliminaries, the appendix outlines the multiplicity issue and introduces three commonly applied p-value adjustment methods
proposed for addressing it. These cursory accounts form the basis for a defence of
why such methods are not adopted in the research.

U.1

Preliminaries

Two issues precede the broader discussion: error types and error rates.

U.1.1

Type I versus Type II errors

A Type I error is the rejection of a true null hypothesis, leading to the acceptance
of spurious results. Since rejection of the null hypothesis suggests an outcome that
deviates from the default, a Type I error is also referred to as a false positive.
A Type II error occurs when a false null hypothesis fails to be rejected. That
is, a “discovery” failure occurs because an effect (such as an association between
variables) is not observed when, in fact, one exists.

U.1.2

Error rates

Four methods of presenting error rates are described (for detailed accounts see, e.g.,
Bender & Lange, 2001; Lazic, 2021).

1

Although not explored, these are related issues and discussions of both are typically framed
in terms of inflated Type I errors.
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U.2. The “multiplicity problem”

Per-Comparison Error Rate (PCER)

The Per-Comparison Error Rate (PCER) is simply the defined significance threshold, α. Thus, α = 0.05 implies that a 5% risk of false positives is understood. Its
use implies singular testing; that is, multiplicity (to be introduced below) is not
regarded as a threat and the number of hypotheses is not regarded as problematic.
U.1.2.2

Family-Wise Error Rate (FWER)

The Family-Wise Error Rate (FWER) is the probability of at least one false positive
arising from multiple tests. This is a strict measure in that it does not attempt to
reflect actual rates of false rejection of the null hypotheses at hand, but instead
represents the probability of a single false positive occurring. To this extent, FWER
does not discriminate between the number of false positives, as is evident in its
calculation: FWER = 1 − (1 − α)m , where m is the number of hypotheses. Thus,
for m = 3 tests and α = 0.05, the result is simply FWER = 1 − 0.953 = 0.143.
U.1.2.3

False Discovery Rate (FDR)

The False Discovery Rate (FDR) represents a ratio of false positives relative to all
tests found to be significant. That is, FDR = FP/(FP + TP), where FP represents
false positives and TP represents true positives. Thus, if 1,000 hypotheses are tested
and 100 are found significant, then interpreting an FDR of 0.05 suggests 0.05×100 =
5 results may be false positives – leaving 95 declared to be discoveries.
U.1.2.4

Per-Family Error Rate (PFER)

The Per-Family Error Rate (PFER) is rarely presented in such discussions, but is
included here for completeness. It is defined simply as the expected number of Type
I errors in a family of tests. That is, PFER = α · m. As the most strict of all four
measures, it is not commonly used due to producing the fewest number of significant
p-values.

U.2

The “multiplicity problem”

An informal example of a multiplicity problem suffices for the discussion at hand.
Game “A” pays $10 every time a coin is tossed and it lands on heads. Game “B” pays
$10 if a coin is thrown 10 times and it lands on heads at least once. Selecting to play
game “B” against the house demonstrates an intuitive awareness of the multiplicity
effect. The odds of throwing heads is unchanged, but the act of repetition produces
a cumulative effect on probabilistic outcomes. This demonstrates an issue whereby
multiple comparisons increase the likelihood of rejecting the null hypothesis for any
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defined level of significance, α, by chance alone. This describes a risk of Type I error
inflation.

U.3

p-value adjustment methods

This section presents a summary of three approaches to p-value adjustment as one
response to perceived multiplicity.

U.3.1

Bonferroni adjustment

The Bonferroni adjustment (Bonferroni, 1935, 1936) reduces the significance level
through division by the number of tests, m. Thus, new significance is defined by α∗ =
α/m. Equivalently, the significance level is preserved and p-values are multiplied by
the number of tests, m.

U.3.2

Holm adjustment

The Holm (1979) adjustment is sometimes referred to as sequential (or step-wise)
Bonferroni. The m hypotheses are sorted in order of increasing p-value: p1 ≤ p2 ≤
. . . ≤ pm . Proceeding step-wise, j = 1, 2, . . . , m, the null hypothesis is rejected if
pj ≤ α/(m − j + 1). The process is terminated at the first instance where the null
hypothesis fails to be rejected. By this process, the smallest p-value, p1 , receives
the traditional Bonferroni adjustment with less conservative treatment applied elsewhere.

U.3.3

Benjamini-Hochberg adjustment

As with the Holm (1979) algorithm, this adjustment (Benjamini & Hochberg, 1995)
iterates over a set of m hypotheses ordered according to their associated p-values:
p1 ≤ p2 ≤ . . . ≤ pm . Unlike the Holm method, the algorithm adopts a “step down”
(rather than “step up”) progression, that is j = m, m − 1, . . . , 1. By this means,
the largest j which satisfies pj ≤ α · j/m is determined. Null hypotheses associated
with that and all lower p-values are rejected. That is, for L = max(j : pj ≤ α · j/m),
“discoveries” are declared for hypotheses associated with p-values pj ≤ pL .

U.3.4

Discussion

The suggestion that post hoc adjustment of p-values may be required is one response
to a perceived multiplicity problem. The argument may be reduced to one in which
authors and/or readers may be misled by the adoption of a defined significance level,
α; that is, use of the PCER may be deemed inappropriate in the context of multiple
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tests. This discussion is therefore framed in terms of alternative measures of error
rates.
Adjustments most commonly employ the FWER as a means of controlling false
positives. Bonferroni and Holm adjustments exemplify this approach. The Bonferroni adjustment is, however, extremely conservative (resulting in fewer rejections of
the null hypothesis). Lazic (2021) agrees that Bonferroni is conservative for FWER,
but notes it also controls for the strictest measure, PFER, for which it is “well
calibrated”. The Holm adjustment has the advantage of being (marginally) less
conservative for FWER while being uniformly more powerful. The problem with
controlling FWER (and PFER) is that the cost of reducing Type I errors is the
inflation of Type II errors. That is, reduction in the number of false positives may
be accompanied by a reduction in the number of true positives.
The remaining measure – FDR – is represented here by the Benjamini-Hochberg
adjustment, and assumes independent tests. FDR is a less stringent measure than
FWER and provides increased statistical power (Benjamini & Hochberg, 1995; Lazic,
2021). As a measure of at least one false positive, FWER becomes more constrained
with an increasing number of tests, m, whereas FDR scales with m and is accordingly
less conservative.

U.4

The decision not to adjust p-values

The appendix concludes by defending the decision not to include post hoc adjustments to p-values using one simple argument among many – namely the absence of
the use of such methods in spatial econometrics2 .
Where electronic versions of the main texts for spatial econometrics could be
located, a search for “Bonferroni” was conducted (as a specific search for Bonferroni adjustment but also generalised on the basis that any discussion of p-value
adjustment begins with a discussion of Bonferroni). The results were as follows :

2

This is admittedly a highly reductionist approach. Numerous other reasons exist, but cannot
be reasonably expressed without engaging with the vigorous debates the idea provokes. For the
classical arguments against p-value modification,see Rothman (1990) and Perneger (1998). These
alone have generated considerable number of refutations, of which Frane (2020) is a scathing
example.
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 “Applied Spatial Data Analysis with R”, 2Ed. (Bivand, Pebesma, & Gómez-

Rubio, 2013): Not mentioned ;
 “Applied Spatial Econometrics: Data Analysis in R” (edited by Kopczewska,

2021): Not mentioned ;
 “A Primer for Spatial Econometrics: With Applications in R” (Arbia, 2014):

Not mentioned ;
 “Introduction to Spatial Econometrics” (LeSage & Pace, 2009): Not men-

tioned ;
 “Spatial Analysis Methods and Practice: Describe – Explore – Explain

through GIS” (Grekousis, 2020): Passing mention (chapter 4 on spatial autocorrelation); and
 “Spatial Analysis using Big Data: Methods and Urban Applications” (edited

by Yamagata & Seya, 2020): Not mentioned.
It is worth noting in this context that contemporary spatial econometrics relies
heavily on simulation techniques for deriving outcomes. Additionally, outcomes of
spatial models are not usually available for p-value adjustments; for example, one
is not able to determine how to adjust on a post hoc basis for Disadvantage when
it exists within the one model as a local variable, a variable receiving extra-local
treatment and a variable interacting with a categorical variable representing racial
dominance.
However, the brief discussion by Grekousis (2020) is framed outside of spatial
modelling techniques and instead addresses the production of maps of spatial autocorrelation such as LISA plots. This is consistent with documentation for R’s spdep
library, which only includes inline p-value adjustment arguments for functions such
as those used for LISA, Geary and Lagrange Multiplier tests (Bivand et al., 2016).
Since the production of LISA plots clearly relies upon multiple simultaneous tests
an adjustment might be called for, depending on circumstances. As an exploratory
work, there was no perceived need to employ p-adjustment methods on LISA plots;
with well-defined hypotheses, that situation may be different. However, in response
to the single text that made mention of such adjustment figures U.1 and U.2 recalculate the LISA plots from chapter 6 (for Sydney and Chicago, respectively)
using FDR p-value adjustment. FDR was selected on the basis that discoveries were
upheld to be more important than false positives and FWER inflates Type II errors.
These display an expected reduction in “hot spot” identification.
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Figure U.1 has been removed from this version of the Thesis.

Figure U.1: FDR p-adjusted LISA plots for Sydney: (top to bottom, left to
right): Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence
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Figure U.2 has been removed from this version of the Thesis.

Figure U.2: FDR p-adjusted LISA plots for Chicago: (top to bottom, left to
right): Disadvantage, Heterogeneity, Mobility, Family disruption, Urbanisation and
Violence
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V
“HARKing”: A brief discussion

Following the work of social psychologist Norbert Kerr (1998), the term “HARKing”
refers to Hypothesising After the Results are Known. The acronym describes a
seemingly innocuous practice in which the attractiveness of a research presentation
is bolstered by the post hoc inclusion of formal hypotheses. This appendix defends
a decision to exclude HARKing from the process of structuring the thesis.
The discussion begins with an example of an established set of hypotheses for
SDT-related research. That is followed by a brief description of HARKing – contextualised by research strategies – followed by examples of types of HARKing. The
appendix concludes with a broad case against the use of HARKing and why the apparent rigour of testing against formal hypotheses – including the post hoc insertion
of formal hypotheses – was deemed inappropriate for the current work.

V.1

Hypotheses for SDT research: An example

Addressing the testability of SDT became a major factor in ushering in its resurgent
period. One of the first of such studies was by Sampson (1987), who added family
disruption to the three-variable classical formulation of Shaw and McKay (1972
[1942]). Bruinsma et al. (2013, p.8) summarises this as the third of six hypotheses
in their testing of SDT as follows:
. . . the higher the residential mobility, the lower the SES, the higher the
ethnic heterogeneity, and the higher the proportion of single households,
the higher the offender rate in that neighbourhood.
However, the most recognised test of SDT is that conducted by Sampson and Groves
(1989), which added urbanisation measures to the previous model – creating a set
of independent variables which align with those used in the current study. The
relationships between these variables and crime is described by Bruinsma et al.
(2013, p.8) as:
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. . . the higher the residential mobility, the lower the SES, the higher
the ethnic heterogeneity, the higher the population density, the higher
the level of urbanisation, the less stable residential mobility, the more
family disruption, the less developed local friendship networks, the lower
the organisational participation and the more unsupervised teenage peer
groups, the higher the crime rate in the neighbourhood.
Two observations emerge from these examples. The first is that work of the kind
reported in this thesis – social-science research which is theory-led and employs
quantitative methods – is conducive to the generation of testable hypotheses. This
is to be expected. The second is that such hypotheses risk being cumbersome as
new variables are added. Note that the example hypotheses do not reference additional elements regarding spatial complexity which are fundamental to the current
study. The observation alone is insufficient reason to reject the creation of a priori
hypotheses within confirmatory research contexts; however, the following section introduces post hoc hypothesising and non-confirmatory research strategies as further
complications.

V.2

Research strategies and HARKing

Schwab and Held (2020) characterise exploratory research as motivated by questions which are under-represented in the literature with a focus on high sensitivity
(the identification of true hypotheses, which are loosely defined or emerge in the
course of research). They contrast this with confirmatory research which articulates clear hypotheses on an a priori basis, pivotal in building strong evidence and
confirming expectations; in this case, the focus is on high specificity (the elimination of false hypotheses). The approach is particularly evident in studies which
employ strong hypothetical-deductive (HD) principles, traditionally associated with
experimental research. The alignment of HD methodologies to widely established
concepts of “the scientific method” has been associated with publication bias which
favours confirmatory studies and the use of formal a priori hypotheses (Schwab &
Held, 2020). However, the work reported in the thesis uses research strategies which
are exploratory and explanatory. It is therefore appropriate that the research is
motivated by the use of loosely defined hypotheses (presented in chapter 1 as research questions). However, this alone fails to address why such questions were not
retrospectively re-framed as formal hypotheses. The short answer is that it misrepresents exploratory research as confirmatory. A more informed response requires
some consideration of HARKing1 .
1

As with many issues of methodology, the debate over HARKing is a vigorous and open one. It
is more hotly contested within the philosophy of science community than with most practitioners
and, accordingly, the account presented here is a scant summary sufficient only to defend decisions
made in presenting the thesis.
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Kerr (1998, p.197) offers the following definition:
HARKing may be defined as presenting a post hoc hypothesis in the
introduction of a research report as if it were an a priori hypothesis. . .
When speaking of HARKing, I am not referring to traditional scientific induction. Induction, referring some relation or principle post hoc
from a pattern of data, is also literally an instance of HARKing. But
when I refer to HARKing, I mean something more specific – presenting
post hoc hypotheses in a research report as if they were, in fact, a priori
hypotheses.
He added that the costs of HARKing most likely exceed the benefits. As a result, dramatically increasing numbers of publications citing Kerr’s paper in recent
years has been proposed as a measure of growing concern over the risks involved in
HARKing (Rubin, 2017, 2022). The cost-benefit debate on HARKing is typically
conducted terms of different forms of the practice. This is briefly considered in the
following section.

V.3

Types of HARKing

One of the means by which the debate on HARKing deepens is by disaggregating
the practice into various forms. The following account of four of those types is
derived from a number of sources (principally Hitchcock & Sober, 2004; Hollenbeck
& Wright, 2017; Kerr, 1998; Rubin, 2017).
 CHARKing (Constructing Hypothesising After the Results are Known): The

initial form of HARKing proposed by Kerr (1998) and involves undisclosed
use of post hoc hypotheses;
 RHARKing (Retrieving Hypothesising After the Results are Known): The

retrieval of existing hypotheses from the literature after results are known;
 THARKing (Transparently Hypothesising After the Results are Known):

Similar to CHARKing, but discloses that hypotheses were derived on a post
hoc basis; and
 SHARKing (Suppressing Hypotheses After the Results are Known): a priori

hypotheses are suppressed in accordance with results.
SHARKing might suggest the largest ethical dilemma in that it represents the greatest degree of concealment. Hollenbeck and Wright (2017) agree, finding no justification for the practice under any circumstances. However, in spite of its known threats
to scientific endeavour, it has been argued that the suppression of hypotheses and
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accompanying evidence may not be regarded as harmful when they are not related
to research conclusions (Leung, 2011). Rubin (2017) states that SHARKing is acceptable strictly on conditions that any suppressed hypotheses were poorly tested
in the research and concluding arguments were not dependent on them. Such deliberations indicate that when detached from strictly ethical concerns and considered
only in terms of research risk even the seemingly dubious practice of SHARKing is
the subject of considerable debate.
With respect to CHARKing, Rubin (2017) claims that it is never acceptable –
although this is contradicted by those who suggest it may prove useful in predictive
studies providing certain conditions hold (e.g., Hitchcock & Sober, 2004).
RHARKing is always regarded as acceptable by Rubin (2017), and Hollenbeck
and Wright (2017) argue that THARKing is also non-problematic due to its transparency.

V.4

The case against HARKing

Kerr (1998) initially proposed 12 potential problems with HARKing which range
from ethical violations to the threats of Type I errors on theory. Each of these
has been the subject of debate (e.g., Rubin, 2022). The current section outlines
some of the case against HARKing. That is, subtleties in the ongoing debate are
effectively side-stepped in order to provide the rationale for avoiding HARKing in
the presentation of the thesis.
The first issue is an ethical one, the severity of which is associated with the
perceived degree of concealment (Kerr, 1998). The most damning assessment of
HARKing is that it is always unethical since it diverts from well-established practices intended to reduce discretionary reporting. A Twitter poll found over 75% of
respondents (n = 212) in agreement with this view (Chambers, 2017). Less clear
is the ethical uncertainty associated with HARKing where concealment of truth is
conditional. This requires a consideration of the type of HARKing – in itself not an
area of consensus (as suggested above) – in concert with other conditions. This has
been considered in the context of “questionable research practices” by Sacco et al.
(2017) who found HARKing to be “ambiguously unethical”.
A second issue – which only adds to the ethical concerns – is that HARKing is
a threat to the reliability of findings. One mechanism for this lies in what Mohseni
(2020, p.3) refers to as “undermining error control”, and illustrates with the following
thought experiment2 . A researcher has an infinite number of independent hypotheses
available for selection. However, all of these are false. For a defined error rate, α > 0,
statistically significant results will nevertheless be found. In the reporting phase,
HARKing will only present significant findings, despite all hypotheses being false.
2

A similar issue involving Type I errors is outlined in appendix U, in the context of p-value
adjustment.
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This affects error control such that they become ill-defined. Rubin (2017) provides
a probabilistic example of the same argument. A researcher with 20 hypotheses and
α = 0.05 has a 64.15% chance of a Type I error. However, if HARKing is applied
and 19 insignificant hypotheses are suppressed, the implication is that the error rate
for Type I errors was only 5%. In this case the findings are misrepresented. While
full disclosure may (arguably) address the issue, burden is then transferred to the
readership in fully appreciating the results.
The error control issue just described directly affects issues of replication, prompting Bishop (2019, p.435) to summarily condemn HARKing as one of the “four horsemen of the reproducibility apocalypse” – all four of which lead to inflation of false
positives3 . The criticism finds HARKing problematic for the larger body of knowledge being targeted by the research, not merely the study being reported. Once
again, publication bias may be a contributing factor, but – for whatever reason –
when the cumulative outcomes of research favours the reporting of confirmed (rather
than falsified) hypotheses, the practice contributes to (often undisclosed) specificity
of research which fails to be generalisable (Rubin, 2017). The invisibility of this
specificity across multiple sources compounds the problem and may result in biased
expectations derived from a broad review of the literature.
A final example invokes the concept of “use novelty” in which a result may not
be used to alter the hypothesised estimates of the same result (Rubin, 2017). Doing
so suggests a problem with circularity or “double counting”. While a resolution
to this problem is presented in terms of “use novelty” being preserved with post
hoc prediction – unlike “accommodation” which proceeds on an ad hoc basis – an
unbiased use of HARKing with respect to maintaining “use novelty” invites nuanced
debate which requires considerable negotiation (e.g., see Rubin, 2022).
A more focused consideration of HARKing will uncover responses to each of these
risks. It will also find other risks not presented, and counter-argument to claims of
conditionally acceptable HARKing. Nevertheless, the complexities of adopting a
“least harmful” approach to HARKing is ultimately a major factor in excluding the
practice entirely in reporting the research within the thesis.

V.5

Summary

A more nuanced discussion of HARKing may be found in a number of sources,
including the original publication by Kerr (1998) and in more recent commentary
(e.g., Mohseni, 2020; Rubin, 2022). However, the brief discussion presented in this
appendix defends the decision to exclude HARKing of any form in the presentation
of this thesis on a number of grounds.
3

The other three are publication bias (mentioned in this appendix), low statistical power (mentioned in appendix U) and p-value hacking (which Simmons et al. (2011) refer to as “undisclosed
flexibility”).
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The first is that – disregarding the possibility of conditional exceptions – strong
arguments exist for not engaging with the practice of HARKing at all. If anything,
the perception of associated risk has been growing.
The second point is that entertaining conditional exceptions to the perceived
threats of HARKing places greater demands on the researcher to defend decisions to
employ it. Doing so is evidently not without risk and requires a greater commitment
to the subtleties of the debate than has been presented here. Conversely, one position
regarding the practice of HARKing that remains unassailable is that avoiding it
effectively side-steps the vigorous debate that it engenders.
Finally, the predominantly exploratory nature of the research favours an account
that omits the reporting of formal a priori hypotheses. Conversely, HARKing in exploratory studies is more likely to suggest the presence of questionable and unethical
research practices.
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W
Sydney and Chicago: A comparison

Chapter 1 briefly introduces the case studies in terms of a number of factors leading
to their selection, including “very high” Human Development Index scores. This was
intended to ensure that the case studies were comparable in terms of their position
as recognised global cities, and also in how violent crime is classified and the types of
violence experienced (Alves et al., 2017; Illinois Department of Health, 2015; Wolf et
al., 2013). Chapter 2 presented a detailed account of developments in Industrial-era
Chicago which contextualised the rise of the Chicago School and the articulation of
Social Disorganisation Theory (SDT). This appendix augments discussion of case
studies in the body of the thesis by exploring a number of relevant factors, namely:
 Their status as exemplars of neoliberalism;
 Descriptions of urban morphology;
 Processes of gentrification;
 Differences in spatial scale;
 Notes on factors in spatial disadvantage;
 The influence of a night-time economy;
 The effects of exogenous shocks; and
 A statement about gun ownership.

W.1

Neoliberalism

Both case studies exemplify the concept of a neoliberal city. Neoliberalism is fundamentally embedded in the “global city” narrative. Although strongly associated
with the “Chicago School of Economics” of the mid-20th -century (Birch, 2017; NikKhan & van Horn, 2016), much of the dialogue underpinning one of its key concepts
– urban consolidation – comes from Australia. Urban consolidation refers to a body
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of planning initiatives which result in the densification of population, dwellings or
both (New South Wales Department of Environment and Planning, 1984), as opposed to permitting expansive growth. It is often criticised for prioritising the key
motivator of “efficiency” over the provision of infrastructure required by areas of
increased density (Searle, 2004).
Since both case studies exemplify neoliberalism, the commentary is constrained
to a brief mention, important for its effects on other urban processes discussed below
(such as gentrification). The rise of global neoliberalism rarely escapes scathing criticism (e.g., Metcalf, 2017); however, Zalta (2021) offers a more rounded discussion
incorporating multiple viewpoints. One issue that does discriminate between the
case studies is that the 2005 plan for Sydney incorporates a population increase of
1.1 million over 25 years – including an additional 190,000 new dwellings in alreadyestablished suburbs by 2013 (Bunker et al., 2005). Thus, the timing of the Sydney
study is one associated with strong policies of densification.
An additional effect – also more likely to influence the Sydney study – is that
development under neoliberalism may be characterised as “pro market”. This results
in increased levels of privatisation with reduced public expenditure and growing
inequity in the spatial distribution of resources. One of the proposed mechanisms
by which this inequity is deepened is that more affluent residents in established
wealthier suburbs are better equipped to resist policies of urban consolidation to
their advantage (Troy, 1996).

W.2

Urban morphology

Morphological differences between the case studies are apparent from maps provided
in the body of the thesis (e.g., figures 3.1 and 3.2). Sydney leans strongly towards
tentacular form and demonstrates marked variation in size and shape of postal
areas, dependent on distance from the CBD. Conversely, Chicago is highly regular
and lattice-like in its arrangement of census tracts. Furthermore, the City of Chicago
extends its reach into a carpet of urbanism, whereas Sydney is often bounded by
geographical features (significant bodies of water, mountain ranges and bushland).
Functional form is also important. One of the most iconic diagrams in criminology and Chicago’s history alike is Burgess’ map of concentric rings (figure P.4
is its earliest-known version). It suggests a mono-centric city, matched by accounts
of a time where highest population density was observed in the urban core, which
decayed with radial distance. Importantly, social forces were accommodated by the
zones described in the model. The question as to whether or not contemporary
Chicago is well-described by a mono-centric model begins with a consideration as
to the extent that it ever was. In terms of representing the social factors that gave
rise to SDT, this author believes that “old” Chicago conformed reasonably well to

514

APPENDIX W. SYDNEY & CHICAGO

W.3. Gentrification

a mono-centric model. The historical discussion in chapter 2 is offered as confirmation. When claims are made that Chicago has never been truly mono-centric
(Ahlfeldt & McMillen, 2014), two responses are indicated. The first is that some
of that claim rests on observations that successively transform the city over time.
These include the increasing attractiveness of the Lake Michigan waterfront and the
growing influence of the northern area of the CBD. The second response is – despite
deviations from mono-centric form – the contribution of Burgess’ concentric rings
arises from its utility as a model. For example, observations that railway lines affect
patterns of development may be accommodated by the model to the extent that
the model remains theoretically useful1 . The intention of the model was to capture
observations of “organic” urban differentiation described in chapter 2. While contemporary Chicago may not reveal strong evidence for mono-centrism, it is perhaps
interesting that century-old land values remain a better predictor of housing density
than current land values (Ahlfeldt & McMillen, 2014). That is, historical forces are
still at work is shaping the spatial structure of Chicago.
Sydney has been described as indicating population and employment density
patterns that suggest strong mono-centricity and weak poly-centricity (Moghadam,
2013). Its historic mono-centricity was reinforced in the period from 1981-2006,
with poly-centric nodes exerting weak effect on spatial patterns in population and
employment. By 2006, Sydney was indicating stronger polycentric structure in population density. However, resource allocation is still strongly centralised, although
not well described by measures of distance from the CBD and suggestive of neglect
by successive governments in allocating resources to disadvantaged areas (Wiesel et
al., 2018).
Although radial maps and their implied mono-centricity were an important influence on SDT, and while they may not transparently apply to either of the contemporary case studies, the important consideration is that urban space is still structured
by underlying social forces (Gans, 2002), regardless of how that is realised morphologically. That is, while population succession may not be so easily characterised as
suburban migration, the study of criminogenic environmental factors is not compromised.

W.3

Gentrification

The process of gentrification is one formulated by Ruth Glass (1964). It is as invasion by the middle classes into poor and working-class areas – in response to a shift
from suburban to urban aspirations – resulting in (typically) rapid change to social
and cultural character of the neighbourhood. As developers renovate, property values rise, new shops and restaurants proliferate, and costs of living start to soar. The
1

In fact, rail and road developments in Chicago initially followed radial patterns, thereby
validating functional mono-centricity despite their linear form.
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resulting rental increases for both residential and commercial properties results in a
reduction in affordability options which force lower-income residents out (Anderson,
2016). The area becomes populated with a more affluent demographic. Smith (1982,
p.139) describes the “uneven development” represented by gentrification as “the process by which working class residential neighbourhoods are rehabilitated by middle
class homebuyers, land-lords and professional developers.” A well-known example in
Chicago is Logan Square. Once a Latino-dominant, family-oriented neighbourhood,
it is now populated by younger White, mostly single residents and is well-known
for its music venues, boutique beer halls and cafes (Anderson, 2016). Gentrification
is well-established in Chicago. Railway yards to the west and south became the
location of new office and residential developments and gradually the gentrification
process extended inwards from lake waterfront areas (Rotella, 1998), amidst claims
that the process of “revitalisation” is resulting in a loss of the patchwork of unique
cultural landscapes in the city in favour of increased uniformity Anderson (2016).
In terms of some of the variables of interest to SDT, such areas tend to have low
levels of violence, racial heterogeneity (and be White-dominated), disadvantage and
family disruption, but exhibit high levels of mobility and (to a lesser extent) urbanisation (Voorhees, 2014). Since many minority communities are characterised
by lower incomes and constrained mobility options, this displacement risks placing
that population in a precarious situation (Betancur, 2011). Gentrification typically
occurs in the urban core in response to programmes of urban renewal. However, earlier examples were driven by “white flight”, where urban middle-class White families
suburbanised in response to increasing racial heterogeneity, allowing greater access
to areas in the urban core by Black and Latino residents (Betancur, 2011).
Processes of gentrification are also indicated in Australian cities, although not
as evident or as dramatic as in the U.S. (Williams, 2007). The boom of postwar times was marked by rapid suburbanisation of white, middle-class families,
abandoning the urban core to immigrant populations. In the 1960s, immigrants
embraced suburbanisation and the White middle classes were drawn to the urban
core. This particularly involved young, single professionals who resided in smaller
dwellings and were attracted to the entertainment offerings of the inner city (Pegler
et al., 2020). Poor quality, high density social housing was already occupied by
those in poverty and this population was not initially displaced. More recent rounds
of gentrification involved professional immigrants moving to the urban core with
greater displacement effects on the urban poor. Gentrification is also experiencing
outward spread into areas 5 to 10 kms from the CBD, although not forming a ring
as is the case in Brisbane (Pegler et al., 2020). Instead it occurs primarily in a
linear pattern to the south. Unusually, some areas close to the CBD or beaches
but not traditionally recognised as disadvantaged have also been associated with
“re-gentification” as the population is replaced by still more affluent residents.
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Scale

As noted in chapter 3, there is a difference in scale between the case studies. This
is observed at both global and local scales. The Sydney study has a population
approaching 3.5 million with a density of approximately 1.8K per square kilometre; the Chicago study has a population of around 2.7 million with a density of
approximately 4.8K per square kilometre.
The differences have a number of potential effects.
The first is that combined effects of Sydney urban morphology and use of POAs
results in areal units which are either small and densely populated or – with increasing distance from the CBD – larger and less dense. This impacts on the concept of
“neighbourhood” which is typically the focus of attention for studies in social disorganisation. The degree to which this affects analysis is uncertain and dependent on
the extent that SDT is constrained to community-level effects. Caution is needed in
uncritically interpreting the outcomes for Sydney in terms of the capacity for SDT
to explain spatial patterns of violence. This is matter of data availability. While it
may have some bearing on disorganisation-theoretic analysis, the results of spatial
analysis stand.
A related consideration is that diffusion effects may be more visible at smaller
scale and with more regular, lattice-like areas as present in Chicago. Extending this
observation, one might expect less evidence of spatial richness for Sydney than for
Chicago. This is complicated further by variation in sizes of POAs with respect to
the “reach” of spatial processes as indicated in partitioned impact measures.
Finally, comparisons between the case studies may only be generalised. However,
it should be noted that research motivations did not include a comparative study per
se. Even if consideration were given to the aggregation of CTs in Chicago in order
to make such comparisons, the attempt would be thwarted by spatial variation in
size and density of the POAs used in Sydney.

W.5

Spatial disadvantage

In Chicago, spatial disadvantage is strongly aligned with patterns of racial segregation. This forms the basis for research presented in chapter 11, discussed further in
chapter 12.
Little mention has been made of potential underlying sources of spatial disadvantage associated with the Sydney case study. While Sydney is a multi-ethnic city –
and does demonstrate a degree of clustering on the basis of ethnicity – this does not
present as racial segregation as discussed for Chicago, nor does it clearly align with
patterns of disadvantage. However, one factor that has been proposed as an indicator of social disadvantage in Sydney is transport. Although moderate compared to
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other global cities, disadvantage in Sydney is spatially evident and has been associated with what Gleeson and Randolph (2002) refer to as “transport poverty”. This
occurs where transport is unavailable or costs more than can be reasonably afforded.
At a spatial level the situation has been linked to government land policy and poor
infrastructure development. Pockets of disadvantage amidst relative affluence occur
as a result, reflecting the effects of transport poverty on resource starvation. With
respect to the relationship between disadvantage and policy in Sydney, Wiesel et al.
(2018) concur, stating that unlike some cities in the U.S. government spending is
biased such that the most disadvantaged areas in Sydney receive the lowest levels
of resource allocation.

W.6

Night-time economy

This addresses the potential influence of a night-time economy (NTE) in the Sydney
case study. Chicago does not exhibit a similar, localised effect.
In 2017, almost 375,000 establishments (of 2.2 million businesses) contributed to
the Australian NTE, and these grew faster than the wider economy (License et al.,
2018). Nationally, Sydney has the most concentrated NTE with a density of core
NTE businesses of 180/km2 . Establishments representing the drink sector in Sydney
have the highest density nationally at 22/km2 , with the entertainment sector the
second highest at 33/km2 (License et al., 2018).
Higher rates of crime generally – and violence specifically – are widely associated
with NTE locales. This may be a result of the coinciding of large numbers of
strangers (Hobbs et al., 2005) and the epidemiological effects of alcohol consumption
on violence (e.g., de Vocht et al., 2016). On the other hand, for alcohol-related
crimes of homicide in particular, there appears to be no specific relationship to
NTE locations (Tomsen & Payne, 2016).
The strength and localisation of the NTE suggests a significant contribution to
population transience for entertainment purposes. Since data are only available for
crime events and for resident numbers, the resulting measures of crimes per resident
may be inflated for those POA clusters associated with the concentrated NTE in
Sydney. Futures studies might consider separate treatment of identified high-NTE
locations in order to test this possibility. Although such areas are small (due to the
level of concentration of the NTE in Sydney) the work presented in chapter 11 on
structural instability may suggest an appropriate methodology.

W.7

Exogenous shocks

Exogenous shocks are unexpected external events that disrupt otherwise stable local
patterns (Zahnow et al., 2022). The Global Financial Crisis (2007-2009) is an ex-
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ample and is notable for particularly affecting U.S. cities during the period in which
Chicago data were extracted (chapter 3). A significant rise in violent crime was observed once GFC-related residential foreclosures converted to residential vacancies,
increasing with longer periods of vacancy (Cui & Walsh, 2015). This was described
as having social implications for neighbouring areas as well as local ones. However,
in the case of Chicago (more than other “peer” cities), Hendrick et al. (2010) finds
city-wide financial problems to have prior existence and be exacerbated by – rather
than solely generated by – the GFC. High levels of prior unemployment are also
held responsible for a slower rate recovery2 .
Given the discussion in chapter12 relating to racially aligned patterns of disadvantage in Chicago, it is reasonable to expect that the data may have captured a
higher level of spatially evident disparity on the basis of coinciding with the GFC.

W.8

Gun ownership

Gun violence in Chicago is observed to be “a public health emergency largely driven
by poverty and inequity” (Frederick, 2018, p.1), and summarily described as “an
agent in the transmission of violence and a cancer on social norms” (Fagan & Davies,
2004, p.142). With respect to this transmissibility, Beardslee et al. (2018) noted that
young offenders were more likely to carry a firearm after exposure to gun-related violence than after exposure to violence which did not involve guns. Furthermore, spikes
in gun availability in Chicago have been linked to surges in violent crime (Towers &
White, 2017). Such arguments suggest that gun violence is a neighbourhood-level
variable that directly impacts quality of life. While some commentators propose a
potentially more complex relationship between gun ownership and crime than might
otherwise be suggested (e.g., see Alpers, 2019; Chapman et al., 2018; Cork, 1999;
Griffiths & Chavez, 2004; Kleck, 2009; Ramchand & Saunders, 2021), gun ownership
is an important distinction between the Sydney and Chicago studies.
Australia implemented two successive firearms bans restricting access to automatic weapons following incidents involving rifles and handguns (in 1996 and 2002).
As a result, firearm-related crime in Australia contributes very little to the statistics
on violent crime3 . To the extent that the presence of guns exacerbates violence, the
dramatic differences in gun ownership between the two case studies is an important
consideration. However, the exploration of firearms as a factor in violence is outside
of the scope of the research.
2

The situation was different for Australian cities which did not experience dramatic economic
downfall despite increased rates of unemployment (Reserve Bank of Australia, n.d.). In any case,
the data for Sydney are taken from a post-GFC period (2016).
3
Of the 573,830 violent crimes in the full 5-year dataset for Chicago – from 2006-2010, inclusive
– 69,767 were flagged as involving a firearm (12.158%). For the Sydney dataset, BOCSAR include
a single category referencing the use of firearms (Robbery with firearm); the full dataset for 2016
includes only 108 such offences amongst 33.934 violent crimes (0.318%).
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Closing dedication

This research is not ethnographic and claims no “emic” closeness that comes from
research methodologies such as participant observation. Violence was the
motivation for the research, not a shared experience.

Therefore, it would be inexcusable not to recognise those for whom violence is all
too personal a tragedy. In particular, the final words of this thesis acknowledge the
victims of gun violence in Chicago. Of the many books read and the many films
watched, few had the sheer emotive impact of the documentary “White Light”
(Gittoes, 2019) – seen in the final days of thesis write-up. Its dramatic street-level
view of gun violence in South Chicago’s Englewood (one of 77 Community Areas
in the city) is but a window into the devastation that is all too routine for those
affected.

Following the lead of that documentary, this thesis closes by personalising the
violence in remembrance of one of its victims – 20 year-old Kaylyn Pryor, killed in
a random drive-by shooting on 2nd November, 2015: successful model, aspiring
lawyer, and – with cruel irony – one of the faces of the Solve Violence and
Lost Childhoods projects.
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Figure 13.1 has been removed from this version of the Thesis for Copyright reasons.

Figure 13.1: Remembering Kaylyn Pryor
(courtesy of the Lost Childhoods project)
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