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Abstract: Criminal activities are often unevenly distributed over space. The literature shows that
the occurrence of crime is frequently concentrated in particular neighbourhoods and is related to a
variety of socioeconomic and crime opportunity factors. This study explores the broad patterning of
property and violent crime among different socio-economic stratums and across space by examining
the neighbourhood socioeconomic conditions and individual characteristics of offenders associated
with crime in the city of Toronto, which consists of 140 neighbourhoods. Despite being the largest
urban centre in Canada, with a fast-growing population, Toronto is under-studied in crime analysis
from a spatial perspective. In this study, both property and violent crime data sets from the years 2014
to 2016 and census-based Ontario-Marginalisation index are analysed using spatial and quantitative
methods. Spatial techniques such as Local Moran’s I are applied to analyse the spatial distribution
of criminal activity while accounting for spatial autocorrelation. Distance-to-crime is measured to
explore the spatial behaviour of criminal activity. Ordinary Least Squares (OLS) linear regression is
conducted to explore the ways in which individual and neighbourhood demographic characteristics
relate to crime rates at the neighbourhood level. Geographically Weighted Regression (GWR) is
used to further our understanding of the spatially varying relationships between crime and the
independent variables included in the OLS model. Property and violent crime across the three
years of the study show a similar distribution of significant crime hot spots in the core, northwest,
and east end of the city. The OLS model indicates offender-related demographics (i.e., age, marital
status) to be a significant predictor of both types of crime, but in different ways. Neighbourhood
contextual variables are measured by the four dimensions of the Ontario-Marginalisation Index.
They are significantly associated with violent and property crime in different ways. The GWR is
a more suitable model to explain the variations in observed property crime rates across different
neighbourhoods. It also identifies spatial non-stationarity in relationships. The study provides
implications for crime prevention and security through an enhanced understanding of crime patterns
and factors. It points to the need for safe neighbourhoods, to be built not only by the law enforcement
sector but by a wide range of social and economic sectors and services.
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1. Introduction

Crime activities are often unevenly distributed over space in a municipality or geographic
region [1], and the occurrence of crime tends to concentrate in particular neighbourhoods or
settings [2–5]. Crime mapping using a Geographic Information System (GIS) has advanced greatly
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in recent years as a tool for increasing our understanding of crime patterns; it has replaced the “spot
map” used by police forces, whereby pins are placed physically on large street maps to identify crime
hazards [6]. In addition to the mapping approach, spatial statistical analytics has been applied to
examine the concentration and dispersion of criminal activities, as well as the relationships between
crime patterns and the socioeconomic characteristics of neighbourhoods and of both offenders and
victims. For example, spatial clustering techniques are used to identify areas of high (or low)
risk for drug offences that are surrounded by areas of non-random similar (or dissimilar) risks [4].
Such approaches allow for the identification of statistically significant “hot spots” or “cold spots” for
various types of crime in a study area, providing critical insights into the socioeconomic and spatial
contexts of criminal activities and crime patterns. Research has also found that neighbourhoods with
high crime rates are associated with higher levels of economic disadvantage, larger proportions of
young people, and greater residential instability [5]. Deprivation, a key measure of socioeconomic
disadvantage, is found to be a robust determinant of crime rates at the neighbourhood level in urban
settings or in large spatial units such as cities [7].

Identifying factors that contribute to the incidence of crime has been a central focus of research on
crime occurrence and patterns. Offenders’ individual characteristics, such as education, gender, age,
marital status, social class, and employment status, have been found to significantly relate to certain
types of crime [8]. For example, the less educated are more likely to be engaged in crime compared to
those with higher education; specifically, those with no more than a high school diploma are more
likely to be incarcerated for fraud or drug-related crimes [9]. Gender and age interact to affect various
types of crime. A Finnish study found that males and those in the 15-to-30 age cohort had a high
prevalence of both property and violent crime [10]. In contrast, a regional study in Russia found more
female offenders convicted of violent crimes as opposed to commercial or drug-related crime [11].
Furthermore, lifestyle theory suggests that the occurrence of crime is related to demographic variables
because such characteristics are related to the offender’s lifestyle [12]. Lifestyle theory also relates to
behaviour in terms of the characteristics of offenders’ daily routine, such as work, school, housing
conditions, and leisure activities [13]. For example, marriage status and low income have been found
to be positively related to burglary victimisation, while living in a detached house has been found to
be negatively related [12].

A noticeable trend in crime research is the increasing influence of the social, economic, and political
environments (i.e., contextual factors) on variations in neighbourhood crime. Research examining
the association between neighbourhood contextual effects on crime has been largely built on
social disorganisation theory, a key theoretical perspective linking the ecological characteristics of
environment, such as economic disadvantage and ethnic heterogeneity, to neighbourhood crime
occurrence [14,15]. Neighbourhoods at a high level of disadvantage in aspects such as poverty and
unemployment often experience more crime due to there being fewer available resources to counteract
it [2,7,16,17]. Resources may be particularly limited in geographically clustered disadvantaged
neighbourhoods within disadvantaged cities or regions, resulting in higher rates of crime, particularly
violent and property crime [7]. Neighbourhood environment can be approached by examining both
the neighbourhood where the crime takes place and the neighbourhood where the offender resides.
The neighbourhood may or may not be the same. Let us take the offender’s residential neighbourhood
environment, for example. The land use pattern, represented by open areas and road density, has been
found to be an important factor in youth crime [15]. Relative deprivation theory is concerned with
the potential influence of neighbourhood environment on crime and the role of perceived inequality
by individuals who compare themselves to the “reference group”; perceived inequitable income or
share of resources, for example, as measured by the extent of income inequality, may cause stress or
frustration, leading an individual to respond by engaging in criminal behaviour [18,19]. While it is a
challenge to identify the proper reference group in order to determine relative inequality or deprivation
an individual may feel, research has used residential neighbourhood and the larger city to explore the
relationship between neighbourhood inequality and neighbourhood crime [7,20].
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Routine activity theory offers an alternative framework for understanding crime occurrence
when a motivated person encounters an opportunity (or a suitable target) in the absence of a capable
guardian [21]. For example, property crime may increase when potential offenders routinely travel
from their own neighbourhoods to more affluent (or less affluent) ones and become aware of the
changed environment. Routine activity theory provides important spatial means of understanding
the relationship between crime location and offender location and the spatial (or travel) behaviour
associated with criminal activity.

Relatively little research has incorporated both contextual factors (e.g., neighbourhood
socioeconomic conditions and environment) and individual (e.g., offender) characteristics in major
crime analysis. Studies that focus on the influence of the neighbourhood (or city) context on crime often
use contextual variables from census-based measures of deprivation or measures of other attributes
such as alcohol outlet density, at a neighbourhood level, in order to identify the association between
the neighbourhood environment and crime rates [5,16,22]. These studies feature a prominent spatial
dimension, as criminal activities often cluster in socioeconomically marginalised or deprived areas.
Studies that investigate the relationship between crime and individual characteristics of the offender
are less geographical; they rely more on statistical analysis, such as regression [10]), due partly to the
challenge of accessing small-scale geo-referenced, or spatial, data on crime (or victim) that also provide
information on the socioeconomic characteristics of the individuals concerned.

This study seeks to determine both neighbourhood factors and individual characteristics of
offenders associated with crime rates in Toronto. It employs spatial and quantitative methods to
analyse two types of major crime: property crime and violent crime. The research literature indicates
that property crime and violent crime have different spatial distributions and are associated with
distinct neighbourhood characteristics—for example, those specific to Chicago [23]. There has been
limited scholarly research conducted in Canada on crime spatial patterns and determinants relative to
a specific type of crime. An exception is a cluster of studies conducted in the City of Vancouver that
employs spatial and statistical techniques in investigating crime patterns and associated factors [24–28].
Although Toronto is the largest urban centre in Canada, with a fast-growing population, relatively little
research has been conducted on the spatial distribution of different types of major crime in Toronto
and their relationship to both contextual and offender characteristics. This study uses a diverse range
of data sets, including geo-referenced data on property and violent crime and offender characteristics
from 2014 and 2016, as well as 2006 Ontario Marginalisation (On-Marg) Index (the most recent On-Marg
data at the neighbourhood level at the time of study), to shed light on the socioeconomic condition
of neighbourhoods where crime occurs. The comparison between different factors associated with
property crime and violent crime yields important implications for crime prevention and control
related to the type of crime and the neighbourhood context.

2. Data

The study analyses two major spatial data sets in order to explore the spatial distribution and
cluster patterns of crime incidence and the relationships among crime rates, offender characteristics,
and neighbourhood context. The two data sets are at the city neighbourhood level, including major
crime data obtained from the Business Intelligence and Analytics unit of the Toronto Police Service
(TPS) and Ontario Marginalisation Index (On-Marg), a census-based dataset measuring multiple
dimensions of marginalisation at the neighbourhood level for City of Toronto.

Due to the confidential nature of the data, and in accordance with the Municipal Freedom of
Information and Protection of Privacy Act, according to which “local government institutions shall
protect the privacy of an individual’s personal information existing in government records” [29],
only aggregated crime data at the neighbourhood level is used in the study. There are, in total,
140 neighbourhoods in the City of Toronto. The crime data provides information on (a) the incidence
of property and violent crime by neighbourhood in Toronto from 2014 to 2016; (b) select socioeconomic
status (SES) (age, gender, marital status, distance travelled to crime location) of offenders charged with
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property and violent crime at the neighbourhood level; and (c) average distance travelled between
offenders’ residence location and offence location. (i.e., journey to crime).

The SES variables allow us to understand the percentage of offenders per neighbourhood in
various age groups, of different gender and marital status groups. The distance variable measures
the average straight-line distance offenders travelled from their residential location to crime in a
neighbourhood. It is calculated in Alteryx using the offender’s postal code location to the offence
postal code location. In previous studies, the shortest distance is assumed to reduce travel costs and
at the same time maximise the benefits of the criminal act [30–32]. The outputs are in kilometres
and are classified among property and violent crimes to determine the differences among both
groups. For confidentiality reasons, distance calculated at an individual level was aggregated to the
neighbourhood level before it was analysed in the study. Calculated average distance travelled allows
us to understand the behavioural differences between the spatial activity of property and violent crime,
and is included in the regression models as a covariate.

Both property crime and violent crime are considered major crime indicators by the TPS. Property
crime includes auto theft, break and enter, and other theft over $5000. Violent crime includes assault,
robbery, and sexual assault. Murder and homicide accounted for less than 1% of all crime indicators
in Toronto for each year from 2014 to 2016; they were excluded from the study because of their
much lower rates. The focus on property crime and violent crime in the study is consistent with the
literature; the two types of crime were studied separately due to differences in crime patterns related
to seasonality, travel distance, and crime predictors [16,30,33].

The Ontario Marginalisation Index at the neighbourhood geography level allows us to understand
the socioeconomic contexts of Toronto neighbourhoods [34]. It has four indices created from a total of
18 census variables to quantify four dimensions of marginalisation: residential instability, material
deprivation, ethnic concentration, and dependency. These dimensions were defined using principal
component factor analysis, which resulted in four factors with Eigenvalues greater than one [34].
Specifically, the deprivation index was derived from 6 census variables (population aged 25+ without
a certificate, diploma or degree; lone-parent families; population receiving government transfer
payments; population aged 15+ who are unemployed). The residential instability index was based on
7 census indicators (proportions of living alone, youth 5–15, multi-unit housing, married/common-law,
dwellings owned, same house as 5 years ago, and average number of persons per dwelling). The ethnic
concentration index was derived from 2 census variables (proportion of recent immigrants who arrived
in the last five years and proportion of visible minorities). The dependency index is based on 3 census
variables (proportion of seniors, dependency ratio, labour force participation ratio).

The study area—the City of Toronto—is located on the northwest shore of Lake Ontario. It consists
of six census subdivisions: Etobicoke, York, North York, Toronto, East York, and Scarborough. It is the
largest city in Canada, with a total population of 2,731,571, representing 8.7% of Canada’s population,
22.5% of Ontario’s population, and 43.8% of the population of the Toronto Census Metropolitan
Area [35]. Toronto has a highly diverse population, demographically, socioeconomically, and culturally.
Currently, the largest age group consists of those from 25 to 29 years and there are more people
over the age of 65 than under the age of 15. More than 140 languages and dialects are spoken in
the city and 51% of Torontonians identify as members of a visible minority. Approximately 20% of
the population are below the low-income cut-offs (LICO), compared to 14% for Canada as a whole.
According [36], rates of robbery, break-and-enter and auto theft rates for Toronto Census Metropolitan
Area in 2010 were 128, 307 and 171 per 100,000, compared to 89, 577 and 272 in Canada. These rates
were part of a general declining trend over more than a decade prior to 2010. Past research on crime
patterns in Toronto has used the neighbourhood as a relevant spatial scale [5]. In Toronto, there
are currently 140 neighbourhood profiles, with an average of some 4000 persons. Neighbourhood
boundaries are delineated by the municipality of Toronto for planning purposes, using one or more
Census Tract boundaries, which facilitates the use of Canadian Census data as the neighbourhood level
geography is not collected by Statistics Canada. The neighbourhood is deemed an appropriate unit in
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the spatial analysis of crime in Toronto given its relatively homogenous socioeconomic characteristics
and the confidential nature of crime data, which limits data access at finer spatial scales, including an
individual level.

3. Methods

Measuring spatial patterning of crime. Crime rate is calculated by the total count of property
crimes and violent crimes in neighbourhoods normalised by the total population of neighbourhoods
at a rate of 100,000. This method, which has been used in Canada for many years, is critical to
understanding the distribution of crime in a city without reporting disproportional values [37]. It also
allows for systematic comparison between the spatial distribution of violent and property crime across
a city in relation to neighbourhood socioeconomic inequalities. Past research has demonstrated the
utility of ambient population over census-based residential population in analysing crime patterns and
risk factors, in particular, in violent crime [28,38]. Ambient population is an estimate of the number of
people in a given spatial unit at any time of the day and any day of the year, reflecting people’s daily and
seasonal routine activities for employment, recreational and other purposes [24]. Ambient population
data is however not always readily available in a study area and at a particular spatial scale. In a
Vancouver-based study [24], while the use of ambient population in calculating violent crime rates
had an impact on the results of spatial analysis relative to using residential population, the impact was
greater for small geographies (i.e., DA) than in larger units (i.e., census tract). In these contexts, this
paper uses census-based population data in measuring crime rates at the neighbourhood level.

To investigate the spatial distribution and clustering patterns of crime, Local Moran’s I, also
known as Local Indicator of Spatial Association (LISA), is applied to explore the spatial autocorrelation
among crime occurrences and identify hot and cold spots and spatial outliers [39]. It is an established
spatial technique that has been used to explore clusters of various criminal offences, such as drug
crimes and violent crimes [4,40,41]. The method identifies where high or low values cluster spatially
and reveals features with values that are very different from those of surrounding features. In this
study, first-order queen continuity is selected to define and interpret spatial relationships. This is
because Toronto neighbourhoods are mostly irregularly shaped polygons, and neighbouring polygons
are considered to be those sharing at least one point in common—border or vertex.

OLS regression and GWR models. An OLS (ordinary least square) multivariate regression
model is first employed to explore the global relationship between the dependent variable and
the independent variables. Property and violent crime are modelled separately. The dependent
variable measures crime rates, per 100,000, for property crime and for violent crime. The independent
variables include (1) the four dimensions of On-Marg Index (residential instability, material deprivation,
ethnic concentration, and dependency) measuring neighbourhood socioeconomic conditions; and
(2) key offender characteristics, including age, marital status, and average distance travelled to
offence location. All variables are measured at the neighbourhood level. As a global regression
technique, the OLS regression is an effective tool for exploring the relationship between crime rates
and neighbourhood-level variables [2,5,42–46]. Similar variables have been found to be associated
with crime [9–12].

OLS regression is run in Esri ArcGIS. The output returns diagnostic statistics on multicollinearity
and spatial independency of residuals. Multicollinearity is assessed by examining the Variance
Inflation Factor (VIF) values. Large VIF values (>7.5) in general indicate a redundancy among
explanatory variables. The spatial independency of regression residuals is evaluated by using the
spatial autocorrelation coefficient, Global Moran’s I [47]. The Global Moran’s I index falls between
[−1, 1], where 1 describes a very strong positive autocorrelation (clustering) and −1 reflects a
strong negative clustering pattern. If the value is close to 0, the pattern corresponds to a random
arrangement [48,49]. This test also returns results for z-score and p-values indicating whether the
results are statistically significant.
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Spatial dependency (or autocorrelation) of residuals calls for using a geographically weighted
regression (GWR) to further examine how the statistical relationship between dependent and
independent variables varies over space [50,51]. GWR is a local form of OLS regression that allows the
regression parameter estimation to change locally. In this study, it constructs a separate OLS equation
for every neighbourhood in the City of Toronto by incorporating the dependent and independent
variables associated with neighbourhoods that fall within a bandwidth of each target neighbourhood.
Each neighbourhood (a feature in the dataset) is associated with its own parameter estimation. As such,
GWR produces a set of parameter estimates and pseudo t-values of significance that vary over space.
For each variable, Pseudo t-values and local coefficients are mapped out. The spatial variation of these
parameter estimates sheds light on the ways in which crime rates are associated with spatially varying
processes represented by different individual and neighbourhood contexts. Akaike Information
Criterion (AIC) and adjusted R2 are generated for both OLS and GWR models as indicators of model
fit and performance.

4. Findings and Results

From 2014 to 2016, there were 3419 and 21,999 persons in Toronto charged with property and
violent crimes, respectively, under the Canadian Criminal Code (Table 1). The data does not provide
additional information on whether the same individual is linked to multiple offenses, and it is possible
that the offenders are in fact the same person for some crimes included. Table 2 describes the general
demographic characteristics of those charged with property and violent crimes from 2014 to 2016.
The 18-to-34 age group has the highest percentages for both types of offence. Percentages for male
offenders are dramatically higher than those for female offenders. Percentages for single offenders
are higher than those for partnered offenders. While other factors, such as income and ethnicity, are
examined in the literature to understand the demographic composition of offenders, due to data
confidentiality only these three characteristics (age, gender, and marital status) of offenders at an
aggregated neighbourhood level are available to the study.

Table 1. Number of offenders charged, 2014–2016.

Offenders 2014–2016

Property crime 3419
Violent crime 21,999
Total 25,418

Table 2. Demographic characteristics of property and violent crime offenders, 2014–2016.

Offender Characteristics Property Crime % (n = 3419) Violent Crime % (n = 21,999)

Age (%)
≤17 9 8

18–34 50 51
35–54 36 32
≥55 5 8

Gender (%)
Male 89 83

Female 11 16

Marital status (%)*
Single (single, divorced, separated, widowed) 59 37

Couple (common law, married) 9 17

* Approximately 32% are missing data for marital status. Only age and gender are mandatory information.
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4.1. Spatial Distribution and Spatial Cluster of Crimes

Figure 1 depicts the spatial distribution of rates for property and violent crime from 2014 to 2016.
There is a high concentration of both types of crime in the downtown core, northeast end (Etobicoke
York, North York), and small pockets in the east end (Scarborough). Neighbourhoods that have some
of the highest crime rates are West Humber-Clairville, Islington-City Centre West, York University
Heights, Trinity-Bellwoods, and Woburn. There are lower concentrations of crime at the centre and
lower west end of the city.
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Figure 1. Property and violent crime rates (per 100,000 persons) by Toronto neighbourhood, 2014–2016.

LISA statistics further enhance our understanding of the spatial distribution and clustering
patterns of crime in the city of Toronto. The Global Moran’s I value of the LISA statistics is 0.27 for
property crime (z-score = 6.96; p = 0.00) and 0.40 for violent crime (z-score = 10.23; p = 0.00), indicating
no spatial independence in these data sets and a clustered spatial distribution of both criminal
activities in Toronto. Figure 2a,b visually display the distribution of significant and insignificant spatial
autocorrelation for property and violent crime, respectively. The maps highlight areas of relatively
high and low significance for both property and violent crime. For both crime types, downtown
Toronto has several fairly consistent high-high clusters where high crime rates are surrounded by high
crime rates (i.e., positive spatial autocorrelation). One isolated high-high cluster of violent crime is
seen in east Toronto (Scarborough). Low-low clusters of violent crimes are distinctly present in the
centre of Toronto, with a few pockets in west Toronto (Etobicoke) and North York. High-low and
low-high (negative spatial autocorrelation) are more spread out in the city, with high-low clusters
mostly in west and central Toronto (Etobicoke and North York).
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4.2. The Distance-to-Crime Variable

The distance-to-crime measurement calculates the shortest distance travelled by the
offender between their residential location and the corresponding crime location within Toronto.
Acknowledging that the origin of the journey to crime is not necessarily home and that the spatial
behaviour involved in criminal activity is far more complex than a straightforward travel pattern
between home and crime locations, the distance computed provides a quick glimpse of where crime
occurs in relation to the offender’s residential location. As shown in Table 3, the average distance
travelled by violent crime offenders is 4.9 kilometres, compared to 7.6 kilometres for property crime
offenders. The longest distance travelled was 49.2 kilometres for property offenders and 36.6 kilometres
for violent crime offenders. This is consistent with the literature, which suggests a higher average
travel distance among property offenders than among violent offenders [30].

Table 3. Distance to crime.

Statistics Property Crime (km) Violent Crime (km)

Average 7.6 4.9
Median 4.2 1.3

Minimum 0 0
Maximum 49.2 36.6

4.3. OLS Results

OLS regression is employed to explore the statistical association between crime rates and the
independent variables measuring offenders’ characteristics and neighbourhood socioeconomic context.
Due to data availability, the regression is run at the neighbourhood level. Prior to conducting the OLS
regression, multicollinearity is tested using a Pearson’s correlation diagnostic including all potential
variables. Gender is excluded from the OLS regression because of its high correlation with age.
The final list of independent variables and OLS regression results are provided in Table 4. None of
the independent variables are found to be highly correlated with the others, nor with the crime rates
with a correlation coefficient over 0.7 or higher. In addition, the VIF values reported in Table 4 are all
under 7.5, indicating no multicollinearity that exits with the OLS estimation. In general, both offender
characteristics (% age 18–34 and % couple) are significantly related to the independent variables;
distance-to-crime shows a non-significant relation with either crime; different On-Marginalisation
indices exhibit different relationships with crime rates for different crimes. More specifically, an increase
in proportions of the 18-to-34 age group among offenders in neighbourhoods positively relates to
an increase in violent crime rates, but negatively to property crime rates. Increase in proportion of
offenders who were married/common law relates significantly to a decrease in violent crime rates, but
an increase in property crime rates. Among the four dimensions of the Ontario Marginalisation index,
neighbourhoods associated with a higher level of instability and deprivation are significantly associated
with a higher level of violent crime rates. Neighbourhoods that have a higher level of instability and
lower level of ethnic concentration are significantly related to higher property crime rates.

The adjusted R2 indicates that the models explained about 73% and 71% of the total variances of
violent and property crime rates, respectively. However, the residuals of the OLS model for property
crime reveal a significant positive spatial autocorrelation (Global Moran’s I = 0.20, p = 0.00), which
violates the assumption of OLS on the independence of residuals. To address this limitation, a GWR
model is used to further explore the relationship between property crime rates and the dependent
variables. In the case of violent crime, the OLS residuals exhibit a random pattern, as diagnosed by
Global Moran’s I test (Global Moran’s I = −0.08, p = 0.13). OLS is thus considered an adequate model
in exploring the relationship between the independent variables and violent crime rates, and GWR
is not required, as suggested by the literature [52]. Post-hoc analysis confirms that applying GWR to
violent crime did not offer improved results and the adjusted R2 remains to be 0.73.
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Table 4. Ordinary Least Squares (OLS) regression results for violent and property crime, respectively
(n = 140).

Parameter Coefficient Std Error p-Value VIF

Property crime model

Intercept 13.94 * 3.23 0.000
% Age (18 to 34) −81.31 * 12.97 0.000 1.72
% Couple 1340.09 * 75.78 0.000 1.57
Distance-to-crime 0.50 0.45 0.267 1.27
Instability index 5.12 * 2.01 0.012 1.48
Deprivation index 2.08 2.06 0.314 1.92
Ethnic Concentration index −6.26 * 1.45 0.000 1.87
Dependency index −1.51 3.21 0.640 1.31
Adjusted R2 0.71
AIC 1136.98

Violent crime model

Intercept 71.43 * 14.83 0.000
% Age (18 to 34) 297.79 * 25.38 0.000 3.25
% Couple −525.68 * 116.86 0.000 3.37
Distance–to-crime 0.96 3.81 0.801 1.56
Instability index 13.51 * 6.33 0.035 1.70
Deprivation index 37.78 * 6.53 0.000 2.23
Ethnic Concentration index −5.16 4.67 0.271 2.22
Dependency index −11.40 9.40 0.228 1.29
Adjusted R2 0.73
AIC 1439.48

* refers to p value smaller than 0.001.

4.4. GWR for Property Crime

The results of the GWR for property crime are provided in Table 5. The coefficients of GWR
are reported in terms of minimum, 25th percentile (or maximum of first quartile), 50th percentile (or
maximum of second quartile), 75th percentile (or maximum of third quartile) and maximum values.
The adjusted R2 of the GWR is 0.80, representing a 9% increase from that in the OLS regression.
The GWR also produce decreased AICc. These model statistics indicate that the GWR is a more
suitable model that can explain 80% of the variations in observed property crime rates across different
neighbourhoods in Toronto. The condition numbers are all below the critical value of 30, indicating
that the results are reliable and local multicollinearity is not an issue in the GWR model.

Table 5. Geographical weighted regression (GWR) results for property crime.

Parameter Min 25th Percentile 50th Percentile 75th Percentile Max

Intercept 8.92 10.24 11.99 15.21 27.76
% Age (18 to 34) −131.79 −92.89 −74.69 −68.22 −16.58
% Couple 494.91 1245.57 1478.91 1558.48 1695.65
Instability −1.52 2.32 3.22 4.10 8.94
Deprivation −7.03 −0.66 3.01 5.79 12.92
Ethnic Concentration −8.18 −6.75 −5.43 −4.75 −1.62
Dependency −14.15 −7.93 −3.49 0.82 3.88
Distance–to-crime −0.46 0.30 0.48 0.58 1.13

Condition number 6.79 7.12 7.58 8.31 14.06
Adjusted R2 0.80
AICc 1102.7

Visualising the estimated locally weighted R2 allows for an understanding of how well the GWR
model fits observed property crime rates in different areas. Figure 3 depicts the distribution of local
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R2, which is not distributed homogeneously across neighbourhoods. In general, GWR predicts well
towards the western part of Toronto, with R2 values over 0.80. For example, Markland Wood, Long
Branch and Alder Wood in Etobicoke are associated with R2 values over 0.86. Neighbourhoods in
the western end of Toronto are associated with lower local R2 values. Some of the neighbourhoods in
Scarborough, such as Highland Creek, Centennial Scarborough and West Hill, have the lowest R2 of
0.66 in the city. The low R2 suggests that additional covariates may play a role in affecting local crime
activities in these neighbourhoods.
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In the GWR model, pseudo t statistics indicate the significance of locally varying coefficients
for the independent variables. Figure 4 shows the spatial distribution of pseudo t-values for the
intercept and each independent variables in the study area. Pseudo t is calculated by dividing
coefficient estimate by the standard error, with significance (p < 0.05) defined as a pseudo t-value > 1.96
(positive relationship) or <−1.96 (negative relationship) [51,53–55]. Non-significant relationships are
represented in yellow in Figure 4, with significant positive relationships in red/orange, and significant
negative relationships in green/light green. Figure 5 visualises local coefficients for the intercept and
independent variables in the GWR model. It essentially reveals how the direction and strength of the
relationship between the independent and each dependent variable varies over space. Examining
both pseudo t surface in Figure 4 and coefficient maps in Figure 5 yields useful insights into spatial
variations in relationships. The spatial patterns of pseudo t and local coefficients are, in general,
consistent with the OLS regression results in terms the direction of relationship; they also reveal fine
spatial details in the local variation of the strength and direction of relationship. For example, age
(18–34) and ethnic concentration exhibit a significantly negative relationship with crime rates in most
Toronto neighbourhoods. Exceptions are the eastern part of Scarborough (for both variables) and
western Etobicoke (for ethnic concentration), where the relationships are insignificant. Marital status
(i.e., % couple) is significantly and positively related to crime rates in the vast majority of the city
neighbourhoods, except for the eastern corner of Scarborough. In OLS regression, both deprivation
and dependency are insignificant predictors of property crime rates. The GWR results however reveal
a cluster of neighbourhoods in York, southeastern corner of North York and southwestern corner
of Scarborough, where property crime rates exhibit a positive relationship with deprivation and a
negative relationship with dependency in a significant way. The GWR finding complement the OLS
results that do not reveal local details.
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5. Discussion, Limitations, and Future Research

This paper explores the spatial patterning of property and violent crime at the neighbourhood
level in Canada’s largest urban centre. It examines the ways in which select offender characteristics
and neighbourhood socioeconomic conditions are associated with neighbourhood crime rates.
By employing spatial analytical techniques in determining crime spatial variation and crime cluster,
the study adds to the relatively small amount of Canadian literature on spatial crime analysis based
on different types of major crime. Using a traditional global OLS regression and a geographically
weighted regression (GWR), the study simultaneously considers the compositional effects resulting
from differences in offenders and contextual effects resulting from differences between neighbourhoods
in explaining variations in crime rates. By doing so, it contributes to the literature, which has tended to
focus separately on the broader neighbourhood (or city) context and individual offender characteristics
in predicting crime occurrence [5,10].

The spatial analyses confirm the results of scholarly research indicating that crime is not
randomly distributed in space but, rather, concentrated in neighbourhoods that share particular
characteristics [2,3]. As evidenced in Figure 2a,b, the spatial distribution of property crimes and violent
crimes follows an approximate U-shaped pattern across the city, roughly aligning with neighbourhoods
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that have lower social economic status described in the U-shaped poverty corridor in Toronto [56,57].
The OLS and GWR models further confirm the significant relationship between crime rates (both
property and violent) and various dimensions of the Ontario Marginalisation index. This echoes the
social disorganisation theory linking crime with neighbourhood socioeconomic disadvantage [58].
Property and violent crimes tend to cluster in similar neighbourhoods over the three years of the study
(2014–2016), with consistent concentrations of crime in the city core and high concentrations in the
northwest and northeast parts of the city, especially with regard to property crime. In comparison to
violent crime, property crime shows more dispersion across neighbourhoods. The LISA maps reveal
statistically significant spatial clusters of both property and violent crime. While three years may not
be long enough to yield substantial findings, the spatial distinction between property and violent
crime is evident.

It should be noted that for each crime type, distance-to-crime is not a significant predictor of
neighbourhood crime rates in the present study, which does not directly approve the routine activity
theory. However, in comparing the two crime types, the distance-to-crime measurement reveals a
longer distance travelled to crime location by property crime offenders than by violent crime offenders.
This finding is similar to that reported by [30] suggesting a higher average travel distance among
property offenders than among violent offenders. This has implications in understanding the routine
activity theory, which indicates that crime is affected not only by the socioeconomic characteristics of
offenders, but also by other potential factors such as an individual’s awareness space, driven by a
motivated offender, suitable target, and absence of a capable guardian [59]. In this regard, our study,
which uses Euclidean distance to measure residence-to-crime distance, produces results consistent
with previous studies based on both network-based distance [30] and Euclidean-based distance [59].
Travelling longer distances could make it worthwhile to commit a property offence if the benefits
exceed the costs. This finding has implications for our understanding in terms of the rational choice
framework, according to which offenders select their targets using a spatially structured, hierarchical,
and sequential process [60,61]. Additionally, in the present study, violent crimes are found to cluster in
certain neighbourhoods, which explains the shorter distance travelled for violent crimes compared to
property crimes. This finding is consistent with that of a study conducted in Chicago, which found that
violence occurred mostly in neighbourhoods where the offender resided or where little to no travel
was required [62]. In Belgium, Eastern European multiple offenders engaging in property crime were
also found to travel further than other offenders [63].

The study is unique in that it considers both neighbourhood socioeconomic characteristics
and individual demographic characteristics of offenders charged with property and violent crimes
from 2014 to 2016 at the neighbourhood level. According to the OLS regression, neighbourhood
socioeconomic conditions measured by the Ontario Marginalisation index are found to relate to
property and violent crime significantly. For violent crime, higher level of neighbourhood instability
and deprivation are significantly associated with higher crime rates. For property crime, a higher
level of neighbourhood instability and a lower level of ethnic concentration are significantly related to
higher crime rates. This confirms to the literature that indicates a broad pattern where crime tends to
cluster around marginalised and socially disadvantaged communities that are characterised by low
education [64,65], low income and low material resources [66–68], low labour market participation [69]
and vulnerable family structure such as lone motherhood [70,71]. Individual characteristics of offenders
are associated with property and violent crime in varying ways. Table 2 shows that the 18-to-34 age
cohort has the highest number of offenders charged. This finding aligns closely with those found in the
literature reporting higher crime rates among the 15-to-29 age cohort [72], as well as a median age of 34
among inmates and the lowest percentages of offenders under 17 and over 55 [73]. The percentages of
male offenders are predominantly higher than those of female offenders, for both property and violent
crime. This is consistent with the results of previous studies, suggesting a “gender-ratio problem”,
where women are less likely than men to commit a crime [10,74]. For marital status, the percentages
of offenders who are married or in a common-law relationship are substantially lower than those
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offenders who are single. This finding could be explained by the financial and social support and
stability among couples and increased conformity when compared to single persons, which decreases
the likelihood of offending [75]. The OLS regression results indicate that these individual variables
exhibit different statistical relationships with different types of crime. Percentage of the 18-to-34 age
group among offenders in neighbourhoods has a significant and positive relationship with violent
crime rates, but a significant negative relationship with property crime rates. An increase in proportion
of offenders who were married/common law is significantly related to a decrease in violent crime
rates, but an increase in property crime rates. Distance travelled to crime is not a significant predictor
of both crimes. These relationships suggest the complex ways in which offender characteristics are
associated with property and violent crime occurrences. It also calls for further exploration of other
offender characteristics (such as employment, ethnicity) and contextual factors (such as crime-attracting
areas/facilities, built environment, accessibility to services) that might enhance our understanding of
the behaviour of property and violent crime in Toronto.

The GWR has been used in previous research to model spatially varying relationships in
settings such as disease diffusion, crime, environmental justice and health [53,76–78]. The GWR
component of the study provides methodological implications to the emerging Canadian scholarship
that explores crime pattern by applying GWR [79–81]. Findings from the GWR for property crime
complement those from the OLS regression, which reveals the global relationships between the
dependent and independent variables, but hides important local variations in these relationships.
The GWR results identify spatial non-stationarity in relationship, and provides additional insights
into the spatially varying local relationships between crime rates and each independent variable.
As discussed previously, the local R2 surface reveals the extent to which the regression model fits
observed property crime rates in different neighbourhoods. For example, neighbourhoods in the
southeast part of Scarborough have some of the lowest R2 in Toronto, indicating additional covariates
or factors of crime not captured in this study. Tree coverage and road density could be potential factors
to explore, particularly in these neighbourhoods, as they are found to have a significant association with
property crime rates in Canada [82]. Similarly, examining the spatial patterns of pseudo t statistics and
the local coefficients enables us to understand the significance, strength and direction of relationship
that can vary from neighbourhood to neighbourhood. For example, although ethnic concentration
has a significant and negative relationship with property crime rates, the same significant relationship
does not exist in the western and eastern ends of the city.

The study has several limitations that were unavoidable, but have important implications
for future research. First, despite the many recognised factors influencing crime, as suggested by
various theories such as the social disorganisation theorem, data on offender characteristics were
difficult to obtain. The available data were also aggregated on the neighbourhood level for reasons
of confidentiality. Sensitive data, such as ethnicity, immigration status, employment status, and
income, were not available for the study. Future research would benefit from having access to, and
thus the ability to analyse, a wider range of offender characteristics using the same methodological
approach, at a more refined geographical scale. In particular, data on offender characteristics at an
individual level would allow for a more accurate analysis of factors associated with crime by using a
multi-level logistic regression approach in which individual-level and neighbourhood-level factors
can be modelled together. Alternatively, point crime data could be converted to small hexagons
to anonymise crime data for more detailed spatial analysis [83]. Furthermore, although the study
analysed crime occurrences from 2014 to 2016, it did not include a large span of years. A more extensive
analysis considering a longer period of time would be able to more properly examine the temporal
trends by month or year and spatial patterns of neighbourhood crime as well as factors influencing
changes in crime rates. It would also capture different or similar changes that occur over time and
allow for more accurate analyses.

Second, not all crimes during the period of the study were reported to the police. Common factors
in failure to report include public dissatisfaction with the police, police misconduct, fear, and
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socioeconomic factors that may cause an individual to refrain from reporting to the police [84].
The third concern pertains to the GWR method used, which produces best results when applied
to large datasets. The data available to the study is at the neighbourhood level with a sample size
of 140, as Toronto has 140 neighbourhoods. Future research could consider a larger study area to
increase the sample size for using GWR to model crime factors. Fourth, the study area is bounded by an
administrative boundary between the city and the suburbs of Toronto. Data for areas outside of the City
of Toronto were not available. This suggests a limitation, as features outside of the artificial boundary
could potentially explain frequency and hot spots for crime in certain neighbourhoods located at the
perimeter of the city. Future research should investigate the crime, demographic and socioeconomic
factors in suburban neighbourhoods bordering the clusters near the city-suburbs boundary.

Additionally, the modifiable areal unit problem (MAUP) must be acknowledged, because the data
used were aggregated from the individual to the neighbourhood level. Information could be either
overrepresented or underrepresented when data are crossed against two different levels of geography
due to the scaling and zoning effects [85]. The uncertain geographic context problem (UGCoP)
is also important in examining how neighbourhood crime is associated with the characteristics
of neighbourhoods represented by predefined geographic units (i.e., Toronto neighbourhoods).
The UGCoP questions the effects of area-based attributes that could be affected by how contextual units
are geographically delineated [86]. Many studies have used census data from different geographic
levels to contextualise neighbourhoods in attempting to understand criminal activities [2,5,14,15,45].
However, it is questionable whether these areal units are true representations of neighbourhoods
influencing criminal behaviour in a meaningful way. Offenders may have individual activity spaces
and unique travel patterns beyond administratively defined boundaries, which could lead to a
difference between their measured and actual neighbourhoods. In future research, efforts should be
focused on collecting qualitative information from interviews with offenders and/or victims, and
incorporating individualised behavioural data in spatial analyses of crime cluster, “journey” to crime,
and relationship between crime predictors and crime occurrences. Such an approach might address
some of the “uncertain geographic contexts” and elucidate the neighbourhood contextual effect on
crime. Alternatively, the availability and use of ambient population for Toronto neighbourhoods
should be explored, in order to capture the non-resident population present in space due to routine
work or non-work purposes [24]. Differences in crime rates calculated based on ambient population
and residence population and their impacts on crime patterns and spatial analysis should be compared
in future research.

6. Implications

The findings have important implications for the development of strategies and the allocation
of existing resources to support an array of approaches to crime reduction. The study presents
geographic hot spots across the city of Toronto—areas that are evidently vulnerable to property
and/or violent criminal activity. Some of the clusters correspond to neighbourhoods that have been
socioeconomically disadvantaged for some time. Safe and healthy neighbourhoods require a level
of collaboration beyond which exists today. There is a pressing need for focused interventions that
improve public safety by reducing or preventing crime in these neighbourhoods. However, such
initiatives are not the responsibility of the law enforcement sector alone. They should be part of a
joint community effort to implement crime reduction strategies among high-risk individuals and
neighbourhoods. One successful model for driving community-based solutions is FOCUS Rexdale
(Furthering Our Communities, Uniting our Services), an innovative Community Safety and Well-Being
Initiative led by the City of Toronto, United Way Toronto and Toronto Police Service that aims to
reduce crime, victimisation and improve community resiliency and well-being [87,88]. Given the
complex nature of criminal behaviour, such joint efforts should be shared among social services
from both private and public organisations, local governments, and the public. As pointed out
by [89], it is crucial that local partnerships be formed to support government crime prevention and
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community safety initiatives. In addition, capacity-strengthening within communities is becoming
increasingly necessary, and is most appropriately implemented using a collaborative approach that
leverages the strengths of various stakeholder organisations. Healthy communities that include
safety and security among their fundamental pillars can only benefit from the partnering of service
providers. The TPS is currently undergoing a process of modernisation. This speaks to the need for
enhanced community—police partnerships, as well as the dedicated support of officers with a thorough
knowledge of neighbourhoods and local resources across the city [90]. Emphasis is being placed on
partnerships to support healthy communities. The need for opportunities to leverage existing or future
partnerships in public, non-governmental, and private organisations will only increase. It is essential
that researchers and future research consider the benefits of collaboration for understanding crime and
that they propose sound solutions and effective crime reduction strategies.
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