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Abstract 

Cities promote the distribution of more and better greenspaces across their urbanized 

areas. These spaces are not, however, well-received in all quarters, and a particular 

category of greenspace, the public park, is often lamented for its relationship with 

crime. This has been found true of parks, but little has been done to disaggregate the 

impact of park types or their location within the city. This study conducts such an 

investigation to identify the effects of different types of parks and to identify any 

differences of those effects across space. After accounting for the unique socio-economic 

and demographic circumstances of different areas within a particular Canadian city, 

London, Ontario, it is found that only very few parks are connected with higher rates of 

property crime. 
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Introduction 

The city park is often regarded as a model urban greenspace and, like other varieties of 

urban greenspace, its value for the environment and for people is well-documented 

(Chiesura 2004). As a particular category of urban greenspace, parks are often the 

subject of criminological research. This research has consisted of research ranging from 

case studies of specific problem parks to aggregate analyses of all parks within a chosen 

urban area. These studies frequently find that urban public parks are related to criminal 

activity.  

Parks, however, are neither uniform nor are the areas in which they are found. 

There are many varieties of urban park, each with particularities (based on their 

intended goals and purposes) that could lead to differential relationships with crime 

and social disorder. Equally, parks of the same type may be more or less resilient to 

crime depending on the environment within which they are embedded. The geography 

of crime (crime and place) literature consistently shows that crime and social disorder 

are spatially concentrated (Andresen et al., 2017; Weisburd et al., 2012). These 

concentrations show that not all places are susceptible to crime and social disorder, and 

places that appear similar have differential experiences with crime and social disorder.  

Because of this more general result in the crime and place literature, we cannot, 

a priori, assume that all parks are created equal in this context. The present study is 

intended to explore whether particular urban parks should be free of the general, and 

generally unfavorable, reputation of these spaces as generators of crime. Parks are not 

identical, nor are they detached from their socio-economic and demographic contexts. 

As such, the present study controls for those differences and endeavors to understand 

how different categories of urban parks impact crime within parks themselves and the 

places nearby. 
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Moreover, and from a methodological perspective, we contribute to the parks 

and crime literature through the use of a local regression analysis technique 

(geographically weighted regression). In our analyses, we not only consider the effect of 

different classifications of parks on crime, but whether or not any relationships are 

stable across space: does a given type of park always have the same relationship with 

crime or does that relationship change from place to place? This is important from a 

theoretical perspective because knowing that not all places exhibit theoretical 

predictions may necessitate a revision of theoretical expectations. Additionally, this 

knowledge has practical implications from a crime prevention perspective because not 

all places are going to respond to all crime prevention initiatives.  

 

Related research 

Greenspaces and crime 

At the turn of the twenty-first century, vegetation was considered positively associated 

with crime because it provided cover for criminal activity and the criminally inclined 

(Kuo and Sullivan 2001). Park safety is associated with open spaces and visibility 

(Schroeder and Anderson 1984), but parks or areas with wooded areas (Burgess et al. 

1988), unkempt vegetation (Anderson and Stokes 1989), and even dense vegetation (in 

the context of university campuses) are regarded with fear (Nasar et al. 1993; Nasar and 

Fisher 1993). This relationship is often attributed to the “prospect-refuge” theory 

developed by Jay Appleton in 1975. According to the theory, people are more at ease 

when they are able to “see without being seen”, or when adequate prospect – the ability 

to survey one’s surroundings – is complimented by refuge – the ability to hide 

(Appleton 1975; Jansson et al. 2013). A potential criminal should be inclined toward 

environments that offer prospect (and refuge) for themselves but deny the same for 
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their victim. For the noncriminal individual, vegetated areas may then be viewed with 

some apprehension. 

However, Kuo and Sullivan (2001), rejected a general categorizing of all 

vegetation as view-blocking and proposed that well-kept vegetation may deter crime. 

The authors referred to Jane Jacobs’ idea of “eyes on the street”, or natural surveillance 

provided by people physically present in an area, which could deter criminal behavior 

in urban settings (Jacobs 1961). This would include the “natural proprietors” (store 

employees and owners, building residents) of the block, but also the transient 

pedestrians who would provide informal surveillance and control against antisocial 

behavior because of their presence. This effect is expected to be present in areas that 

are well-kept (outside homes, along streets, in parks) because this acts as a territorial 

marker, signalling to potential criminals that the area was cared for and that any 

transgressions against it would be noticed and confronted (Kuo and Sullivan 2001; 

MacDonald and Gifford 1989)—common features in defensible space and crime 

prevention through environmental design (CPTED).  

Support for this latter hypothesis (crime being lower in the presence of 

particular vegetation) has been found in the context of reduced property and violent 

crime in “greener” areas (Snelgrove et al. 2004), community gardens (Gorham et al., 

2009), “greened” and renovated lots (Branas et al. 2011; Garvin et al. 2012), and green 

urban corridors (Crewe 2001; Harris et al. 2018). There is also a surprisingly large 

collection of studies that find repeated evidence of lower crime rates in areas of cities 

with greater tree canopy coverage (Donovan and Prestemon 2012; Troy et al. 2012; 

Wolfe and Mennis 2012; Gilstad-Hayden et al. 2015; Du and Law 2016; Chen et al. 2016; 

Schusler et al. 2018; Kondo et al. 2017).  
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Parks and crime 

The more general category of greenspace and crime clearly shows divergent theoretical 

expectations and empirical evidence. Such results are usually indicative of varying 

contexts (kept and unkept vegetation for example) that need to be accounted for in 

research. One context is the type of greenspace: a public park is different from a 

community garden.  

Greenspaces of all kinds, in most cases, are intended for use by the people in the 

city. This is also true of parks, expected to attract the largest volumes of people, possibly 

being more criminogenic than other greenspaces, based on opportunity theories of 

crime (routine activity approach and rational choice). Urban parks are public spaces 

that present little or no restrictions to access and are, consequently, visited and used by 

persons with a variety of motivations for being there. In these “contested spaces” the 

expectations for the appropriate behavior of others may vary across different groups of 

people (Groff and McCord 2012). While many parks are effective at attracting their 

intended users (city residents of diverse social and economic backgrounds who would 

use the space for legitimate recreation), they can be quite easily permeated by 

individuals who would use them for activities many urban residents would consider, at 

best, socially undesirable (drug and alcohol use, hangouts for youth gangs) and at worst 

predatory and criminal (robbery, sexual assault) (McCord and Houser 2017). If those 

activities become typical of a park, attendance by its legitimate users will suffer.  

Groff and McCord (2012) identified categories to which existing park-crime 

studies seemed to fall within. First, there were the case studies of single problem parks 

that were approached from a problem-oriented policing perspective; examples include 

Knutsson (1997), Pendleton and Thompson (2000), and Payne and Reinhard (2016). 

Next, there were studies that evaluated the effect of parks on crime but in ways that 
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were indirect, either analysing parks incidentally as physical attributes of areas 

experiencing commercial or residential burglary (Hakim and Shachmurove 1996; 

Herbert 1982) or as ancillary variables in multivariate analyses of other neighborhood 

crime, considered not independently but folded into a larger category of non-residential 

(Wilcox et al. 2004) or recreational (Lockwood 2007) land use. In all cases, the evidence 

supported a positive connection between parks and crime, but each approach was 

marked by considerable limitations that muted the impact of the findings.  

Groff and McCord (2012), and later McCord and Houser (2017), addressed some 

of the issues of the former studies by making urban parks the explicit focus of their 

studies and considering their effect in aggregate on crime: multiple parks across an 

entire city. Both found that the density of crime of different categories – violent, 

property, and disorder – was in areas immediate to parks over twice that found for the 

city on average. Moreover, this was not the product of a few problem parks, but typical 

of the majority of parks in the city. The authors also found that crime seemed to become 

less frequent as distance from the park increased, the areas nearest to the park at 

highest likelihood for crime spill-over (a similar distance function was reported by Kim 

and Hipp (2018), who found that crime of all type was higher in areas nearest to parks 

and diminished with distance). In addition, the authors found that the features of a park 

mattered for how much crime it could expect, with parks with sports facilities and other  

crime or “activity generators” (recreation centers, transit stops, benches and drinking 

fountains) experiencing less crime than parks with fewer or no equivalent facilities. For 

the authors, it was the capacity of sports or general amenities to attract a larger 

audience of park-going individuals, and therefore more “eyes on the street”, that 

explained lower crime at these parks versus others divested of those types of facilities 

and services. However, other research undertaken by Kimpton et al. (2017) found that 
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“amenity-rich” greenspaces (often parks) had higher levels of most crime types than 

other types of greenspace. As such, variability in the features of city parks was enough 

to create variability in the experience parks had with crime.  

That same idea of park-crime variability inspires the present study. Parks not 

only differ in the number or quality of amenities they provide, but also in the 

neighborhood or area within which they reside. Recently, Boessen and Hipp (2018) and 

Taylor et al. (2019) found that blocks/neighborhoods with parks had higher crime rates 

than those without, but importantly, that the impact of a park was (in part) an artefact 

of the “broader socio-spatial context” within which the park was placed (Boessen and 

Hipp 2018, 186). In the context of parks, the three theories converge to explain this 

result.  

First, as public spaces, parks are subject to the same issues as other crime 

generators identified by pattern theory: that potential criminals, journeying to the park 

for much the same reasons as its legitimate users will, once there, act on criminal 

opportunities presented in situ (Brantingham and Brantingham 1993; Brantingham and 

Brantingham 1995). The problem is repeated for parks already suffering from crime, 

only now the crime experienced there is by virtue of the park having become known as 

a setting for profitable or at least secure criminal activity: park as crime attractor. In 

either case, generator or attractor, the result for parks is the same (more crime), but the 

circumstances promoting that result are not static across space. 

Cohen and Felson (1979) understood crime as the convergence of an offender 

and target with the absence of a capable guardian in time and space. In aggregation, the 

various character of those routines could be indicated by certain characteristics of the 

population, such as the density and ages of people in different city areas. Consequently, 

spatial differences in these characteristics would matter for parks also, particularly if 
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there were too few people in the area to provide any meaningful guardianship, and 

especially if there was a comparably greater number of individuals in the age category 

most typical of criminal offending. This could be considered one way that context 

matters: to what extent are there noncriminal people in the area who could notice 

nascent crime? But that is only the first of two requirements of a responsible guardian: 

not only must they observe the behavior, they must also care enough to stop it.  

Proponents of social disorganization and kindred theories emphasize the 

informal control strategies neighborhood members employ to respond to persons 

disturbing public spaces and monitoring teenage groups in their communities (Sampson 

2012). However, those are behaviors found more commonly in communities whose 

members share bonds and similar expectations for social control, which depends in part 

on structural factors such as residential stability and material well-being (Morenoff et 

al. 2001; Sampson et al. 1997). Residential stability and economic well-being correlated 

with community investment and efficacy leading to a greater share of persons willing 

and able to protect their spaces. Conversely, residential instability can pre-empt 

collective community investment, thereby reducing informal control strategies, and 

poverty can erode the desire to attempt to effect change in an environment already 

perceived as hopeless. The motivation for capable or responsible guardianship in those 

areas might not exist, and if that is true, then whether crime is witnessed or not has 

little bearing on its possible prevention. In either area, parks might have the potential to 

attract or generate crime, but there is a serious difference in the possibilities of 

guardianship to prevent it from happening in any meaningful volume.  

Therefore, park-crime variability might balance on two principal axes, the first 

concerning the different frequency of criminal events based on the socio-economic and 

demographic circumstances of areas within which parks are found and close to, and the 
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second being the different frequency of criminal events because of differences in 

features and functions of city parks.  

 

Geographically weighted regression and crime 

Geographically weighted regression (GWR) is a statistical technique developed by 

Brunsdon and colleagues in 1996 to explore for different variety of data the possibility 

of spatial non-stationarity. GWR has had some application in crime research, in studies 

of homicide (Graif and Sampson 2009; Becker 2016), property crime (Malczewski and 

Poetz 2005), housing foreclosures (Arnio and Baumer 2012; Zhang and McCord 2014), 

and violent crime (Cahill and Mulligan 2007; Grubesic et al., 2012; Light & Harris, 2012), 

and in studies testing the spatially varying effects of neighborhood watch (Louderback 

and Sen Roy 2018) and urban trees (Troy et al, 2012) on crime. 

 In more recent research using GWR, Boivin (2018) identified the importance of 

places with shopping, schools, and work in the context of guardianship. Additionally, 

Bunting et al. (2018), Louderback and Sen Roy (2018), Cowen et al. (2019), and 

Andresen and Ha (2020) all found that a limited number of places were driving the 

global regression results. This is an important result that emerges out of GWR research 

from theoretical and practical perspectives. As noted above, theoretical expectations 

may not hold in all places and that crime prevention policies and/or initiatives can have 

effects in some places but not in others. Consequently theoretical expectations may 

have to be taken with a grain of salt or, at minimum, modified to consider “spatial 

heterogeneity” in any predictions, whereas crime prevention initiatives should be 

implemented with great care, noting that similar effects may not always emerge as 

expected because of local conditions. 
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Through the combination of this set of literatures (greenspaces, parks, and 

geographically weighted regression), the purpose of this study becomes two-fold, and 

that is to investigate the possibility that: 

1) The effect of parks on crime varies across the city after controlling for 

socio-economic and demographic circumstances; and 

2) The relationship between parks and crime manifests differently for 

different types of urban park. 

 

Data and methods 

The following data and analyses are all for the City of London, in Ontario, Canada, for 

2016. London is a mid-sized city that occupies a south-central position in Southwestern 

Ontario, located within two-hundred kilometers of, and at about the midpoint between, 

the U.S. border at Detroit, Michigan, to the southwest, and Toronto, Ontario, to the 

northeast. In 2016, the population of London was 384,000, making it, then, the sixth 

largest urban center in Ontario. The crime rate in London was, in the same year, only 

slightly higher than the Canadian average (5,503 versus 5,224 police-reported incidents 

per 100,000 persons) but considerably higher than the provincial average as well as 

that of its largest urban center, Toronto (3,608 and 2,954, respectively). London, known 

casually as The Forest City, has emphasized its commitment to environmental 

sustainability and parks feature prominently in its operational plan for ensuring 

equitable provision of greenspaces across the city. The descriptive statistics and 

correlations for the dependent and independent variables are presented below in 

Tables 1 and 2, respectively. 
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Crime data 

Crime data for the City of London for 2016 came from the Community Crime Map 

provided for the public by the London Police Service (LPS), through its website. Crime 

location information is available for many different types of crime – property, violent, 

and disorder – but the most serious violent crimes (homicide and sexual assault) are 

not included. Initially, crime data are gathered for all types of violent and property 

crime made available by London Police; in total, 12,713 offenses. Offense locations 

provided by London Police are listed only at the one-hundred block (a length of street 

consisting of up to 100 building addresses) with missing tens and ones digits (e.g., 2XX 

Richmond). Using a random number generator such that each event had a complete 

address, the geocoding success rate was well above the 85 percent threshold (Andresen 

et al. 2020; Ratcliffe 2004).  

From the original nearly 13,000 crime events gathered for London for 2016 only 

theft and theft from motor vehicle offenses are used in the present study. This was not a 

decision grounded in theory but was instead the result of limitations of available data. 

First, land use data was unavailable, without which it was thought inappropriate to 

evaluate residential and commercial burglary. Second, some categories of crime 

(robbery, theft of motor vehicle) were too few in number to make suitable dependent 

variables for spatial regressions. Finally, in some cases there were significant 

discrepancies between the number of crime events accessible through the Crime Map 

and the number identified by London Police in its summary of crime in London for 

2016. Ultimately, theft and theft from motor vehicle were the two types of crime with 

data that avoided all of those issues.  

There were 2,833 theft from motor vehicle offenses in London in 2016 and 3,739 

theft (including theft of bicycle) offenses, 22.3 and 29.4 percent of London’s total 
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offences, respectively—the theft category excluded theft of motor vehicle. The theft and 

theft from motor vehicle events were counted for each dissemination area, converted to 

rates per 1,000 population, and the natural logarithm was taken of each value to 

remedy any issue raised by high value outliers. 

<Insert Table 1 About Here> 

 

Ecological data 

Socio-economic and -demographic information for each of London’s 570 dissemination 

areas (DAs) came from the 2016 version of the Canadian Census. Dissemination areas 

are the smallest ecological unit for which Canadian populations data is available and are 

composed of one or more neighboring blocks with a total population typically between 

400 and 700 people. There were ten dissemination areas that did not have any Census 

data attached to them, but because this appeared to be random, the missing values were 

substituted with the average of the values of their immediate neighbors. From the data 

available through the Census, variables were selected that could be used to represent 

the concepts identified by social disorganization theory and routine activity theory as 

important for understanding crime ecology. These concepts were, for social 

disorganization theory, ethnic heterogeneity, residential instability, and economic 

disadvantage, and for routine activity theory, motivated offenders, suitable targets, and 

capable guardianship. 

 The measure for ethnic heterogeneity was a Herfindahl index based on the 

mother languages of persons residing in each dissemination area; there were 32 

language families and subfamilies that featured in the Herfindahl index, which among 

other advantages substitutes a single racial category like “white” with the many unique 

languages spoken by different cultural groups of white people. The decision to use 
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language over race as the basis for the ethnic heterogeneity variable was an attempt at 

modernizing a variable that, in its grander meaning, centers around communication. 

Originally, ethnic heterogeneity was suggested as a correlate of crime because it was 

believed that ethnic differences in neighborhood populations could present barriers to 

communication that would prevent residents from achieving consensus on community 

issues (Sampson and Groves 1989) —the present study emphasizes that aspect of 

ethnic heterogeneity. Ultimately, the languages variable correlated highly with the 

traditional measure of ethnic heterogeneity which is based on racial groups, but given 

that it does substitute language for race, it might be more appropriate to call it a 

measure of “cultural heterogeneity”. 

 In addition to the measure for cultural heterogeneity, there were residential 

instability and economic disadvantage. Residential instability is measured as the 

percentage of persons who had changed addresses sometime in the previous five years, 

with a greater value on this measure indicating greater population turnover in the area. 

Economic disadvantage was a factor combining median household income and 

percentage of the population below the poverty line. Median household income was 

converted to a scale ranging from 0 to 100 and reverse loaded into the factor, such that, 

when combined with percentage in poverty and averaged, “economic disadvantage” 

could assume a value from 0 to 100, with a higher number indicating a more 

disadvantaged area. Finally, the presence of motivated offenders and capable 

guardianship are represented, for the former by the percentage of persons ages 15 to 

24, and by population density for the latter – percentage ages 15 to 24 to capture the 

typical age bracket of criminal offending and population density because greater 

volumes of people might mean more potential guardians against crime (Andresen 

2012). 
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<Insert Table 2 About Here> 

 

Park data 

All data relevant to parks were obtained from the City of London website 

<https://www.london.ca/>, through its open data portal. The city provides shape files 

for many of its public amenities, including polygon data for all of its parks. There are, in 

London, 477 parks. London uses its own park classification system and all parks are 

identified with a particular category of urban park. From those existing categories, four 

broad types of park were defined for use in this study, 460 of the 477 parks.  

The first type of park defined for this study is the “sports park”, which includes 

London’s district parks and sports parks. These are parks specifically intended for 

organized and non-organized sports and are regularly equipped with facilities, fields, 

and courts for that purpose—there are 49 sports parks. The second type of park is the 

“conservation park”, which includes London’s open space parks, environmentally 

significant areas, and woodlands. There are 240 conservation parks in the city, half of all 

parks in London fall within the conservation category. The third category of park is the 

“neighborhood park”, which includes all of the neighborhood parks identified by the 

city, along with all parks defined as urban parks. Urban parks, like neighborhood parks, 

are small, community parks intended for recreational use by children and families local 

to a neighborhood—there are 160 neighborhood parks. Finally, there are the 11 “city-

regional parks”, which includes London’s city-wide parks, civic space parks, and its 

regional park. Though these parks a few in number, these are some of the most well-

known parks in London, and include Victoria Park, Gibbons Park, and Springbank Park. 

These are typically large parks that are intended to draw a diversity of users from all 



15 
 

over London, as well as visitors from outside the city, hence their inclusion in our 

analyses. 

Each of the four park variables are operationalized as the Euclidean distance in 

meters from the centroid of each dissemination area to the nearest edge of the nearest 

park of that category. Thus, every dissemination area had a value for the distance to 

each type of park, no matter how far or short that distance might be. For some, the 

distance was zero (if the DA centroid was inside of a park), but this was true for a 

relatively small number of DAs. The natural logarithm was applied to the values of each 

park-distance variable to remedy any issue of high value outliers, and the logged values 

were then inversed so that higher values would indicate closer proximity to a park (for 

interpretation reasons). 

 
Estimation 

Considering an ordinary least squares (OLS) model, a global Moran’s I test on the OLS 

residuals indicates spatial autocorrelation (p < 0.05), and that spatial models should be 

specified. For both crime models, (Robust) Lagrange Multiplier tests indicated that the 

appropriate spatial model was the spatial error model, but the Spatial Hausman tests 

indicate the spatial lag model. However, given that the focus of this paper is 

geographically weighted regression, and the spatial error and spatial lag models give 

the same qualitative results for both crime types, we report the spatial error model 

results for brevity—the indirect effects from the spatial lag model do not change any of 

the results found in the spatial error model.1 A spatial weighting scheme based on first 

order queen’s contiguity is sufficient to address all spatial autocorrelation in the data, 

                                                        
1 It is also important to note here that a spatial lag model does not make any theoretical sense, given the 

iterative effect of spatial lags in this case. 
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and it was also determined that there were no issues of multicollinearity (all variance 

inflation factors < 3.0).  

 Global models provide an indication of the effect on crime that some factor has, 

on average, for the city as a whole. They are not, however, capable of showing how 

those relationships might vary across space, and the single parameters produced by 

global models can sometimes obscure very real differences in how something like a 

particular type of park operates, with respect to crime, at different locations across the 

urban area. Instead of a single set of parameter estimates for the different independent 

variables in the model, geographically weighted regression (GWR) produces a unique 

set of parameter estimates for each individual data location in the study. Each spatial 

unit has its own set of parameter values, and these can be mapped, collectively offering 

a visual representation of the often-impressive variation in value that each parameter 

can have across space (Fotheringham et al. 2002). 

Calibration of the GWR model requires specification of a weighting function and 

bandwidth. The weighting function can be a fixed distance from the focal estimation 

point, values at nearer areas receiving greater weight than areas farther out, or it can be 

adaptive, based on how dense the data are near the estimation point. When the 

weighting function is fixed, the bandwidth is the fixed distance that, when specified, will 

directly affect the “distance-decay” of values located progressively farther from the 

estimation point. Alternatively, when the weighting function is adaptive, the bandwidth 

distance will change: based instead on the number of nearest neighbors (nearest spatial 

units), case-unique distances will be shorter “where data are dense. . . and [larger] 

where data are sparse” (Graif and Sampson 2009, p. 247).   

The optimal bandwidth for the GWR is typically, for either method, determined 

by whatever value best satisfies the Akaike information criterion (AIC). We use an 
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adaptive weighting function to identify the number of nearest neighbors according to 

the corrected Akaike information criterion (AICc)—we use AICc because it has better 

small sample properties and converges to AIC when the sample size becomes large. The 

number of neighbors that best satisfied the AICc was, for the outcome variable theft, 

220 neighbors, and for theft from motor vehicle, 228 neighbors. After running a GWR on 

both dependent variables, a Moran’s I test for spatial autocorrelation was run on both 

outputs to test that specification of the GWR models had addressed the autocorrelation 

known to be present in the data. In both cases Moran’s I was not significant (p > 0.05), 

suggesting that the autocorrelation in the data had been addressed by application of 

GWR. 

 

Results 

Global results, spatial error models 

Table 3 shows the results of the global spatial error models. These models present a 

single set of parameter estimates, indicating the average effect of each independent 

variable on each type of crime, across the entire city. The same predictors were used for 

both dependent variables, theft and theft from motor vehicle. Goodness-of-fit measured 

using pseudo-R2 are higher for theft across London’s urbanized area than for theft from 

motor vehicle, 0.46 and 0.19, respectively. 

<Insert Table 3 About Here> 

 There are only two significant independent variables (population density and 

proximity to a city-regional park) in the model for theft from motor vehicle. A one unit 

increase in the number of persons per squared kilometer land area was associated with 

a 0.003 percent decrease in the rate of theft from motor vehicle (p<0.01).  For the rate 

of theft, a one unit increase in the number of persons per squared kilometer land area 
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(population density) is associated with a 0.005 percent decrease in the rate of theft 

(p<0.01). A one unit increase in the percentage of the population between the ages 15 to 

24 is associated with a 2.27 percent increase in the rate of theft (p<0.05) and a one unit 

increase in the economic disadvantage scale is associated with a 1.65 percent increase 

in the rate of theft (p<0.01). A one percent increase in proximity to a city-regional park 

is associated with a 20.4% percent increase in the rate of theft (p<0.01) and a 15.5% 

increase in the rate of theft from motor vehicle (p<0.01), and a one percent increase in 

proximity to a sports park associated with a 7.4% percent decrease in the rate of theft 

(p<0.05). 

The global models indicate that the effect of urban parks on crime is different for 

different types of park. On average, proximity to a city-regional park is predictive of 

higher rates of theft and theft from motor vehicle. Alternatively, proximity to a sports 

park is predictive of lesser rates of theft and theft from motor vehicle. The global 

models also suggest that proximity to a conservation or neighborhood park did not 

matter for the rate of theft or theft from motor vehicle. However, by offering only a 

single set of parameter estimates for each crime rate variable, there is risk that the 

global models might obscure local information. 

 

Local results, geographically weighted regression 

For both theft and theft from motor vehicle, the goodness-of-fit statistics improved in 

the local regression models (0.58 versus 0.46 for theft, 0.34 versus 0.19 for theft from 

motor vehicle). In addition, and important for this study, the local models identify 

variables that are statistically non-significant globally, but statistically significant 

predictors of theft or theft from motor vehicle locally in particular areas of the city. As 
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such, either a small number of areas are driving the global results or are washed out by 

the areas that are statistically insignificant. 

The GWR model of theft from motor vehicle has seven variables that are 

statistically significant in portions of the city: population density, young population, 

cultural heterogeneity, residential instability, sports parks, neighborhood parks, and 

city-regional parks. For the rate of theft, all nine variables in the model have some 

statistical significance somewhere in the city. There are, therefore, between both 

offense types, sixteen unique maps that demonstrate spatial variation in the 

relationship of an independent variable with crime, of which seven are to do with urban 

parks. Only the results for the parks variables are discussed here, but all maps are 

available by request. 

In order to visualize spatially varying relationships between parks and crime, 

pseudo t-values for local parameter estimates are mapped, such that the reader is able 

to see for which areas of the city proximity to parks is a statistically significant predictor 

of crime. Areas colored red indicate places where a variable has a significant and 

positive association with crime, with lighter shading indicating a smaller but still 

significant pseudo t-value. Areas colored blue indicate places where a variable has a 

significant and negative association with crime, with size of significant pseudo t-value 

again indicated by shade.  

 The results for the proximity to sports parks variable and theft from motor 

vehicle are displayed in Figure 1. The local model was able to identify areas of the city 

where the global finding of non-significance does not hold. In particular, in areas on the 

eastern and southern edges of the city proximity to sports parks is negatively associated 

with theft from motor vehicle. This is true for 71 dissemination areas, or about 12 

percent of these areas across the city. Certainly, this is not a large percentage, and the 
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finding of non-significance in the global model is manifested locally in almost all cases. 

Still, there is a negative association for eight parks where proximity to them seems to 

insulate against crime, offering some evidence of variability between parks even of the 

same category. 

<Insert Figure 1 About Here> 

 A similar observation is made for neighborhood parks, as seen in Figure 2. In the 

southeastern corner of the city, proximity to neighborhood parks is negatively 

associated with theft from motor vehicle. Again, this is compared to the vast majority of 

dissemination areas where no such relationship exists, and there are even fewer DAs 

(26) that have a negative relationship with theft from motor vehicle than had been the 

case for sports parks. However, there are about 10 neighborhood parks that insulate the 

areas around them from experiencing theft from motor vehicle, contrary to what might 

be supposed if only the global result was consulted.  

<Insert Figure 2 About Here> 

 The global model for theft from motor vehicle shows a positive result for 

proximity to city-regional parks. Figure 3 shows 370 DAs that generate the same local 

result. There are only eleven city-regional parks, with the westernmost park being 

statistically insignificant. In most cases – for most DAs close to this park – proximity 

does not lead to higher rates of theft from motor vehicle. Again, the general impression 

made by the global model is deceptive. In this case, although most city-regional parks 

might be connected with higher rates of theft from motor vehicle, this is not true for all 

parks of this category showing the importance of local statistical analyses. 

<Insert Figure 3 About Here> 

 All categories of urban park exhibited local significance when it came to rates of 

theft, including conservation parks. Figure 4 displays the results for proximity to sports 
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parks with regard to theft. Despite the greater number of DAs with statistically 

significant results shown in Figure 4 (114 versus 71), the actual number of related 

sports parks is approximately the same as in Figure 1. The remaining approximately 40 

sports parks in the city were bounded by DAs that returned findings of non-significance 

on the proximity to sports parks variable, with the implication that these particular 

sports parks had no connection to lower rates of theft. In this case, 20 percent of DAs, 

and also, effectively, 20 percent of all London sports parks (10 of 49), are driving the 

result for the entire city. This, again, shows the limitations of global analyses. 

<Insert Figure 4 About Here> 

 The interpretations for conservation parks and neighborhood parks (Figures 5 

and 6, respectively), as they relate to theft, are similar to those made for sports and 

neighborhoods parks for theft from motor vehicle. There are 60 DAs for which 

proximity to conservation parks is negatively associated with theft, and most of these 

seemed to cluster around the northwestern corner of the city. Of the 240 conservation 

parks in the city, approximately 20 are connected with lower rates of theft. There are 53 

DAs for which proximity to neighborhood parks is negatively associated with theft, and 

rather than clustering toward the southeastern corner of the city (as they had for theft 

from motor vehicle), most of these were located at the northern edge of the city. Of the 

160 neighborhood parks in the city, perhaps 25 were connected with lower rates of 

theft. 

<Insert Figures 5 and 6 About Here> 

 Finally, as it had been for theft from motor vehicle, proximity to city-regional 

parks was a significant and positive predictor of theft for the city on average, and this 

was mostly corroborated by a local analysis of its effect in different areas of the city, as 

seen in Figure 7. There were 473 DAs for which proximity to city-regional parks was 
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associated with higher rates of theft. Again, proximity to the westernmost park seemed, 

generally, to have no significant effect on crime, indicated by the fact that it was 

bounded almost entirely by DAs with a non-significant t-value on the parameter 

estimate for that variable. Interestingly, there was also a pocket of non-significant DAs 

near the downtown core that together nearly surrounded two city-regional parks in 

that area. Clearly, proximity to those parks was not connected with higher rates of theft, 

at least in those directions. Of the 11 city-regional parks, three or four of them, contrary 

to what is suggested by the global estimate, are not altogether generative of theft. 

<Insert Figure 7 About Here> 

 

Discussion 

Three categories of park (sports, conservation, and neighborhood) have negative 

relationships with crime rates in dissemination areas nearby. City-regional parks are 

the only category of park that shows a positive relationship with crime in this context, 

but these are only 11 of the 460 parks that together constitute the urban parkland in 

London, Ontario. This is an important distinction on its own, contributing to the parks 

and crime literature. In the context of a mid-sized Canadian city, the few parks that are 

connected with higher rates of crime were centrally located, most close to the 

downtown core. Conversely, the parks that had the opposite effect on crime are always 

located in the fringe areas of the city. As such, it may be that the patterns observed for 

these different types of parks reflect not only differences in the type of visitors that they 

attract but also the volume of those temporary visitors and the time, on average, that 

people spend at these different parks. Incidentally, these are also the areas that have the 

highest levels of economic advantage in the city.  
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City-regional parks are specifically intended to attract large numbers of visitors 

from all over the city and people visiting from other places as well. These are the most 

well-known parks in the city (e.g. Victoria Park, Gibbons Park, and Springbank Park) 

and they offer attractions, with the ability to encourage a great number and diversity of 

people to come together to enjoy them. Compared to sports and neighborhood parks, 

whose visitors are more typically from the immediate area, there is a higher likelihood 

that a greater proportion of visitors to city-regional parks are strangers to one another. 

There might be more familiarity among visitors to smaller community parks and, 

perhaps, greater motivation to look out for neighbors and their property. That sort of 

motivation-by-familiarity would have less substance in and around parks whose visiting 

populations are expansive and unfamiliar. Moreover, guardianship, despite the higher 

number of “eyes on the street”, might be missing its key second element: that people 

care enough to intervene. In addition, if city-regional parks do attract more visitors that 

come from farther away than do visitors to other parks, these people may also be 

spending more time at these central, popular parks, and might be exposed for longer to 

opportunistic crime than are local visitors to smaller, quieter parks with potentially 

greater turnover. 

 At a more basic level, among the visitors to a park would be some who have a 

capacity to offend criminally, whether that capacity is activated before arriving at the 

park or only after opportunities present themselves once there. Parks of all categories 

might have the capacity to attract criminally motivated individuals, but city-regional 

parks, the busiest of urban parks, by simple proportion would be exposed to more of 

those individuals than would less popular community parks, and crime could be 

expected to occur more frequently.  



24 
 

There is a strong possibility that some parks, simply by geography, are sheltered 

against crime, either because they are too far removed to seriously appeal to criminally 

motivated people or because the area is unfamiliar to most non-locals. It would have 

been conducive to the goals of this study to know the actual volume and characteristics 

of populations moving in and around these park areas, rather than only the volumes 

and characteristics of populations resident to the area (for which Census data is suited). 

Those “ambient” populations are important if crime is the product of people and things 

coming together in space and time, and data on ambient populations are perhaps better 

indicative of those interactions than are data on resident populations (Malleson and 

Andresen 2016). Given that parks may be spaces that generate large crowds of visitors, 

access to data for ambient populations might have proved useful in corroborating, 

empirically, the hypothesis that temporary visiting populations predict how well parks 

will fare with crime. However, gathering data on the socio-economic and socio-

demographic characteristics of those ambient populations would prove to be difficult.  

 Geographically weighted regression, as a technique, is useful for directing 

attention to the possibility of important missing variables that could explain observed 

local differences in something like parks and crime. It was within the scope of this study 

to consider only few confounding variables with relevance for parks and crime, but the 

mapped results are suggestive of others that future research in this area. Based on these 

results, an important contribution of this research is to show that not all places exhibit 

the same relationship between parks and crime. As noted above, though some 

criminological research has found the estimated parameters switching signs when 

geographically weighted regression is used, the most consistent result is that a 

relatively small proportion of places are driving the global results; in other words, the 

global results do not hold everywhere. Because of this, a result found in the current 
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analyses, even when the signs on the estimated parameters do not change this is an 

important theoretical and practical result. Knowing that theoretical relationships do not 

hold in all places is important for policy. Specifically, this could be critical for crime 

prevention initiatives, particularly in an era of fiscal constraints.  

In addition to the issue of ambient versus resident population, there is also the 

possibility that edge effects are responsible for some of the results observed for sports, 

neighborhood and conservation parks, which were significant only at the fringe areas of 

the city where Kim and Hipp (2018) found there to be edge effects of city boundaries 

generally; future research could consider those boundaries. It would be useful also, 

when the outcome is theft from motor vehicle, to incorporate some measure for the 

density of automobiles in the area. There is the possibility that theft from motor vehicle 

results for parks in outer areas of the city are a function of there being fewer 

automobiles to steal from; an available proxy measure that future studies might employ 

is the traffic volumes recorded in different areas of the city (which some cities provide).  

It is a potential limitation of the present study that rather than the parks 

themselves, the units of analysis in this study were the census-determined 

dissemination areas together covering the area of London, Ontario. Because of this, 

characteristics of the parks, aside from their general classifications used here (types of 

facilities, surrounding land use, etc.) are not included. This route was chosen as a means 

to incorporate socio-economic and demographic information into the study, but it may 

be that an evaluation of the crime effect of an urban park might have benefited by 

having purposefully selected parks as the unit of analysis. To make parks the unit of 

analysis while still finding a way to incorporate structural variables, and thus, to 

contextualize the parks, might be a worthwhile avenue for future research on parks and 

crime. Future studies should seek also to explore the local effects of parks on crime of 
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categories beyond property crime (e.g. violence, drug activity, and other substance 

abuse), for which the conclusions of this study are limited. 

Additionally, we use official/government data for our analyses: police reported 

crime and city-level park information. We only consider two crime types for reasons of 

brevity and to consider crime types most associated with the presence of parks. 

However, it is well-known that reporting crimes to the police is at a relatively low rate 

(currently 31% in Canada), that has been declining over time (Perreault 2015). Though 

a victimization survey across hundreds of areas within an entire municipality would be 

extremely expensive, such data may prove to be incredibly instructive, particularly if 

reporting rates vary across the city. With regard to the city obtained park data, this 

provides no information with regard to the quality of the parks that may prove to be 

important. And lastly, we use one year of data. Considering a longitudinal analysis 

future research could investigate if changes to the presence of parks relate to changes in 

crime patterns in an area.  

Despite these limitations, these analyses are instructive for investigating our 

original two goals, outlined above. First, the effect of urban parks on crime in nearby 

dissemination areas varies by the type of park, and while most of these have no relation 

to crime, in particular areas of the city particular parks seem disposed to generate, and 

others to discourage, criminal behaviour. Second, the effect of urban parks on crime, 

even after differences in structural circumstances are accounted for, varies within the 

same category of urban park. Geography is an important factor here, with the better 

faring parks concentrated toward the outer areas of the city and the higher crime parks 

occupying central areas close to the downtown core. As noted above, this is related to 

the level of economic advantage in the city with the parks near the outer areas of the 
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city being in wealthier neighborhoods and the inner-city parks being in areas with 

economic disadvantage.  

There were no problem sports, conservation, or neighborhood parks. 

Comparably, most city-regional parks are positively associated with crime, and only one 

seemed unconnected with higher rates of theft and theft from motor vehicle. This 

particular city-regional park was the farthest removed from the city center than any 

other, and combined with the findings for the smaller community parks and 

conservation parks there is strong support for an argument that the most vulnerable 

parks are those positioned in the busiest and most accessible areas of the city, where 

their users are likely made up not only of residents local to the area but of many others 

from neighborhoods and districts further afield. Ultimately, local analyses may be 

instructive for city administrators and law enforcement, allowing them to recognize the 

utility of urban parks in aggregate while responding specifically to the few that seem to 

have issues of recurrent criminal activity. 

Perhaps most important regarding the overall contribution of this paper and the 

geographically related results just discussed, is the importance of using local spatial 

statistical methods. The use of local statistics (geographically weighted regression) 

allowed us to identify where the relationships are present in the city of London. 

Consistent with previous research, we found that a small portion of DAs are responsible 

for the global results. In some cases this meant that a fraction of DAs are responsible for 

the overall global result, and in others the use of GWR showed that the small proportion 

of DAs that had statistically significant results got washed out at the global level making 

the variable appear to be statistically insignificant. Moreover, this highlighted the notion 

that not all parks of the same type had relationships (positive or negative) with crime. 
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Table 1. Descriptive statistics, dependent and independent variables, dissemination areas, London, Ontario, 2016 

 

 Mean Standard deviation Minimum Maximum 

Theft, rate per 1000 (natural logarithm) 1.8 1.1 0.0 5.3 

Theft from motor vehicle, rate per 1000 (natural logarithm) 1.8 0.9 0.0 4.7 

Population density, persons per sq. km. 3,268 4,463 9.6 98,205 

Young population (15-24), % 13.8 5.1 3.1 55.7 

Cultural heterogeneity, Index 36.5 15.5 7.6 82.3 

Residential instability, % movers 39.0 16.0 6.3 89.4 

Economic disadvantage, Index  43.1 12.7 3.1 86.3 

Sports parks, distance in meters, (natural logarithm) 2.3 1.3 0 8.6 

Conservation parks, distance in meters, (natural logarithm)  2.5 1.4 0 8.2 

Neighborhood parks, distance in meters, (natural logarithm) 3.3 1.4 0 8.9 

City-regional parks, distance in meters, (natural logarithm) 1.9 1.0 0 9.6 

N=570     
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Table 2. Bivariate Correlations (Spearman’s rho), dependent and independent variables, dissemination areas, London, Ontario, 2016 

 X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 

X1  ----          

X2  0.47**  ----         

X3 -0.25** -0.20**  ----        

X4  0.04 -0.06  0.15**  ----       

X5 -0.16** -0.15**  0.17**  0.33**  ----      

X6  0.38**  0.13**  0.24**  0.07  0.15**  ----     

X7  0.44**  0.12**  0.33**  0.05  0.08  0.70**  ----    

X8  0.01 -0.12**  0.17** -0.09* -0.07  0.05  0.24**  ----   

X9 -0.14** -0.07 -0.11**  0.04  0.14** -0.00 -0.12** -0.06  ----  

X10 -0.17** -0.05  0.13**  0.06 -0.02 -0.11* -0.12** -0.15**  0.04  ---- 

X11  0.39**  0.21** -0.08* -0.08 -0.31** -0.28**  0.18** -0.06 -0.03 0.09* 

Notes. X1, theft; X2, theft from MV; X3, population density; X4, young population; X5, cultural heterogeneity; X6, residential instability; 

X7, economic disadvantage; X8, sports parks; X9, conservation parks; X10, neighborhood parks; X11, city-regional parks; 

* p ≤ 0.05, ** p ≤ 0.01 
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Table 3. Spatial error regression results, dissemination areas, London, Ontario, 2016 

 Model 1  Model 2 

 Theft  Theft from motor vehicle 

 Estimate Standard error  Estimate Standard error 

Population density -0.000045** 0.000008  -0.000026** 0.000008 

Young population  0.022* 0.009   0.005 0.008 

Cultural heterogeneity  0.0004 0.003  -0.003 0.003 

Residential instability   0.002 0.003   0.003 0.003 

Economic disadvantage   0.016** 0.005   0.002 0.004 

Sports parks  -0.074* 0.031  -0.043 0.027 

Conservation parks  -0.039 0.027  -0.007 0.025 

Neighborhood parks -0.024 0.025  -0.010 0.023 

City-regional parks  0.204** 0.064   0.155** 0.048 

 

Lamda 

Pseudo R-squared 

 

 0.596**                                                 0.047 

 0.46 

  

 0.375**                                   0.059 

 0.19 

 
Notes. * p ≤ 0.05, ** p ≤ 0.01 
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Figure 1. Pseudo t-values for Proximity to Sports Parks Parameter Estimates of Theft 

from Motor Vehicle 
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Figure 2. Pseudo t-values for Proximity to Neighborhood Parks Parameter Estimates of 

Theft from Motor Vehicle 
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Figure 3. Pseudo t-values for Proximity to City-Regional Parks Parameter Estimates of 

Theft from Motor Vehicle 
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Figure 4. Pseudo t-values for Proximity to Sports Parks Parameter Estimates of Theft 

 

 

 

  



43 
 

Figure 5. Pseudo t-values for Proximity to Conservation Parks Parameter Estimates of 

Theft  
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Figure 6. Pseudo t-values for Proximity to Neighborhood Parks Parameter Estimates of 

Theft 

 

 

 

  



45 
 

Figure 7. Pseudo t-values for Proximity to City-Regional Parks Parameter Estimates of 

Theft 

 

 

 


