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Abstract 

The Cantor and Land model of unemployment and crime separates the effects of long- 

and short-run unemployment. In the long-run, increases in unemployment are expected 

to increase crime, whereas the same increases are expected to decrease crime in the 

short-run. This model has been tested for decades, generally supporting these 

predictions. In this paper, we investigate spatial variations in these relationships using 

geographically weighted regression. Using crime data from Vancouver, Canada 

(Commercial burglary, Residential burglary, Mischief, Theft, Theft from vehicle, Theft of 

vehicle, and Aggregate property), we find global models do not exhibit statistically 

significant unemployment-crime relationships, but they do emerge in local 

(geographically weighted) regression. These results have important implications for 

theoretical development, policy formation, and policy evaluation. 

 

Keywords: unemployment; crime; long-run; short-run; geographically weighted 
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Introduction 

Efforts to understand the patterns and trends of crime are the core of criminological 

investigations. These patterns and trends may be spatial, temporal, or longitudinal, 

making any understandings of criminological behavior and events complex, leading to 

generalizations. These generalizations are, in principle, necessary for us to try to make 

sense of society in order to reduce social ills such as crime. However, some of these 

generalizations are too broad and lead to misunderstandings relating to theoretical 

nuances, how to implement policy, and how to evaluate policy. 

 One literature that attempted to obtain an understanding of crime is the 

unemployment and crime literature. This literature, for many years, hypothesized a 

positive relationship between unemployment (economic downturns) and crime, but 

there were inconsistencies (Chiricos 1987). In an effort to address these 

inconsistencies, Cantor and Land (1985) developed a model of crime and the economy 

that integrated motivation (social disorganization) and opportunity (routine activities) 

expectations.  

Social disorganization theory (Shaw et al. 1929; Shaw and McKay 1942) 

positively relates crime to social and economic deprivation (social and economic stress), 

ethnic heterogeneity (language and cultural barriers), and population turnover (a lack 

residential population stability).  Specifically, increases in these factors make it more 

difficult for a community to come together, sharing a common set of values (social 

organization); because of this, area/neighborhoods become socially disorganized and 

unable to prevent crime through community involvement. Increases in unemployment 

increase social and economic deprivation, leading to increases in motivation for crime. 

The routine activity approach (Cohen and Felson 1979) posits that a motivated offender 

and suitable target converging in time and space without the presence of a capable 
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guardian may lead to a criminal event. With increased unemployment, individuals are 

expected to spend more time at home protecting themselves, their families, and their 

property. This decreases opportunities for most crimes. The interesting aspect of this 

model was what unemployment did to motivation and opportunities. 

 Cantor and Land (1985) hypothesized that increases in unemployment increased 

criminal motivation because of increased financial stress—directly in the case of 

property crime and indirectly in the case of violent crime. However, they also 

hypothesized that increases in unemployment led to decreases in opportunity; this was 

because in tough economic times people spend less of their disposable income on 

suitable targets for theft and spent more time at home protecting themselves and their 

property. They also hypothesized that motivation effects took longer to materialize than 

opportunity effects because it took some amount of time before people would be willing 

to engage in crime. As such, the Cantor and Land (1985) model of unemployment and 

crime had long-run and short-run effects—there is discussion in the literature 

regarding how long the “long-run” is in this context. This literature, reviewed below, has 

generally found support for the Cantor and Land (1985) model, but there are 

disagreements with regard to the nuances of the empirical testing of the model. 

 One of the aspects of the Cantor and Land (1985) model that has not tested is the 

spatial stability of the relationship between unemployment and crime. In other words, 

do all places in an analysis (all states in a country, all neighborhoods in a city) have the 

same relationship between unemployment and crime? Over the past 15 years, a 

relatively new method in quantitative geography, geographically weighted regression 

(GWR), has been used in (spatial) criminology to test if global regression models 

accurately represent theoretical expectations. Reviewed briefly below, many of the 

global relationships do hold when using a local spatial regression (GWR), but there are 
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important differences that emerge. For example, some research has shown that 

parameter signs switch from positive to negative across the study space (Cahill and 

Mulligan 2007). This has important implications for both theory and policy. In this 

paper, we use GWR to test the Cantor and Land (1985) model of unemployment and 

crime. Overall, we find that geographically weighted regression provides important 

insight into long- and short-run effects of unemployment.  

 

Related literature 

Unemployment and crime 

Cantor and Land (1985) developed a model of unemployment and crime that integrated 

motivation (social disorganization) and opportunity (routine activities). In their model,  

economic change (measured using the unemployment rate) positively impacts criminal 

motivation and negatively impacts criminal opportunities; motivation was modelled as 

having a lagged effect on crime, whereas opportunity changes impacted crime 

contemporaneously. In the empirical assessment of their model, Cantor and Land 

(1985) found that motivation and opportunity both mattered for understanding crime 

patterns: motivation mattered in the long-run and opportunity mattered in the short-

run. They also found that the opportunity effect was larger than the motivation effect.  

 In the 35 years since its original publication, the model put forth by Cantor and 

Land (1985) has rarely been questioned. The empirical question of which effect 

dominates the other, however, has been debated more frequently. There are two 

primary ways in which this has been debated: the estimation of the model and the use 

of unemployment to capture economic change (Arvanites and DeFina 2006). Both of 

these issues are critical for the proper assessment of any theoretical model. 
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 With regard to which effect dominates (motivation or opportunity), Hale and 

Sabbagh (1991) found the opposite effect of Cantor and Land (1985), using time series 

data from England and Wales; this result does not counter the US results from Cantor 

and Land (1985), only that which effect dominates may vary place to place. Other 

researchers have shown that the incorporation of other economic measures impacts the 

unemployment and crime relationship: personal consumption (Field 1990), consumer 

sentiment (Rosenfeld and Fornango 2007), and gross domestic product (per capita) 

(Andresen 2013 2015; Arvanites and DeFina 2006). And some researchers have 

considered unemployment rates specific to race and gender (Smith et al. 1992) and age 

groups (Britt 1997), with these effects changing from one socio-demographic group to 

another. 

 From a methodological perspective, Greenberg (2001) identified a number of 

concerns with the unemployment and crime literature from statistical misspecification 

to units of analysis and variable operationalization. Levitt (2001) also criticized units of 

analysis and statistical specification issues. Specifically, Levitt (2001) highlighted the 

importance of using the appropriate statistical technique that allows for the proper 

identification of long- and short-run effects of unemployment on crime.  

More recent research has considered these methodological criticisms, modifying 

statistical techniques, units of analysis, and variable operationalization. For example, in 

what is the most comprehensive empirical evaluation of the Cantor and Land (1985) 

model, Phillips and Land (2012) used counties, states, and the US as a whole, finding the 

expected parameter signs in 78 or 84 cases—they also found that motivation effects 

were stronger for property crimes than violent crimes. Andresen (2012) used a panel of 

census tracts and used the decomposition, or hybrid, model to better identify long- and 

short-run effects. In this research, Andresen (2012) found that unemployment was 
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positively associated with various crime types in the long-run and negatively in the 

short-run, as predicted by the Cantor and Land (1985) model—subsequent research 

using Canadian provinces, find that different economy related variables had different 

impacts on property and violent crime (Andresen 2013, 2015). And more recently, Ha 

and Andresen (2017) measured crime specialization using the location quotient and 

found that their results using a different dependent variable are consistent with the 

Cantor and Land (1985) model. 

 

Geographically weighted regression and crime 

Geographically weighted regression (GWR) is a local statistical technique that emerged 

to investigate spatial nonstationality in regression parameters (Brunsdon et al. 1996; 

Fotheringham et al. 2001, 2002). More specifically, it is part of a set of statistical 

techniques (local spatial analysis) that recognizes the possibility that relationships vary 

across space, in the spirit of Tobler’s (1970) First Law of Geography: “everything is 

related to everything else, but near things are more related than distant things." Though 

GWR emerged in the late 1990s, it was almost a decade before this method emerged in 

criminological contexts. This research, however, began modestly but is increasingly 

being used within (spatial) criminology. Generally speaking, this research has found 

that global statistical methods are limited in their ability to help us understand spatial 

crime patterns because of local effects. 

 In a comparison of global regression models and GWR, Malczewski and Poetz 

(2005) showed that not only did global and GWR models have different sets of variables 

statistically significant in their results, but that the signs of parameters would switch 

from place to place when using GWR. Such results may cause great concern for 

statistical relationships that were previously thought to hold. Cahill and Mulligan 
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(2007), in the context of violent crime, also found general consensus between global 

and GWR results when they were statistically significant, but parameter signs did 

switch in some cases—similar results were also found by Grubesic et al. (2012) and 

Light and Harris (2012). Moreover, Cahill and Mulligan (2007) found that between one-

third and two-thirds of places would be statistically significant in the GWR results; this 

means that a subset of places were driving global results. This is important because 

theoretical relationships and policy interventions may not hold/work in all places the 

same way. Additionally, variables that had signs switching in GWR would be statistically 

insignificant at the global level, likely from the different effects cancelling each other out 

at the global level. 

 Not only has research found that GWR tends to retain more variables than global 

models and that parameter signs at times switch from place to place, but goodness-of-fit 

statistics tend to improve with GWR over global models. For example, Graif and Samson 

(2009) always found that GWR AIC values were lower than ordinary least squares and 

spatial regression models—Becker (2016) found similar results. Another interesting 

result that has emerged is that an independent variable may have similar global results 

across different crime types, but the GWR results would show statistically significant 

results in different places (Arnio and Baumer 2012); this research also found that when 

an independent variable was statistically significant in the same place across different 

crime types, the sign of the parameter was different. The most recent research in spatial 

criminology using GWR is that of Bunting et al. (2018), Louderback and Roy (2018), and 

Cowen et al. (2019) who all investigated global and GWR models for numerous crime 

types in Miami-Dad, Florida. Similar to the research cited above, these authors have 

found that a small number of places drive global regression results (many places do not 
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have statistically significant GWR parameters) and that GWR results often switch signs 

across different places. 

 The criminology-related GWR literature has consistently shown the importance 

of considering local spatial statistical methods. This is important for theoretical 

understanding as well as policy formation and subsequent testing. Given the importance 

of context in the unemployment and crime literature, particularly the effects of using 

different statistical techniques, the use of GWR to test the effects of unemployment on 

crime in the Cantor and Land (1985) model is warranted. 

 

Data and methods 

The data evaluated in the current paper are taken from the City of Vancouver in British 

Columbia, Canada, for the year 2016—this is the most recent year with available census 

data. Based on population, the Vancouver Census Metropolitan Area (CMA) is the third 

largest metropolitan area in Canada, and the largest metropolitan area in western 

Canada. In a criminological context, the Vancouver CMA has the highest crime rates 

among the three largest cities in Canada: 7282 criminal code offences per 100,000 

persons in 2016, more than double the rate in Toronto (2954 per 100,000 persons) and 

double the rate in Montreal (3389 per 100,000 persons); the same ranking was present 

for the violent crime rate in 2016 for Vancouver (958 per 100,000 persons), Toronto 

(745 per 100,000 persons), and Montreal (894 per 100,000); and, similarly, for 

property crime in 2016 for Vancouver (5092 per 100,000 persons), Toronto (1899 per 

100,000 persons), and Montreal (2085 per 100,000) (Keighley 2017). 

 The City of Vancouver, with a 2016 population of approximately 630,000, that 

has grown significantly since the early-1990s with its global exposure from the 1986 

World Exposition on Transportation and Communication and the 2010 Winter Olympic 
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Games. All crime and census data for Vancouver are measured at the census tract level. 

Census tracts are relatively small and stable geographic areas that are usually 

comprised of populations that range from 2500 to 8000, with an average of 4000 

persons. There are 105 census tracts in the City of Vancouver. 

 

Crime data 

The criminal event data (incident level) for the City of Vancouver are available through 

the city’s Vancouver Open Data Catalogue.1 Within this Catalogue, the crime types of 

commercial burglary, residential burglary, mischief, theft from vehicle, theft of vehicle, 

other theft, and aggregated property crime are available and analysed—violent crime 

data are not available with geographic coordinates. Each criminal event includes its data 

and location at the 100-block level, on the appropriate side of the street allowing for the 

proper identification of the census tract the criminal event occurred within. These crime 

data are available from 2003 to 2019, but only 2016 crime incident data are used to 

match the most recent available census data. 

 The descriptive statistics for these crime data are shown in Table 1. Aside from 

aggregate property crime, that consists of all the other crime types, theft from vehicle is 

the most common form of property crime in Vancouver 2016; this is the case for mean, 

median, and maximum values of this crime type. This is followed by theft, mischief, 

commercial burglary, residential burglary, and theft of vehicle. In the cases of 

commercial burglary, theft, and theft of vehicle, there are some census tracts that have 

zero criminal events. We calculate the natural logarithm for these dependent variables 

to simplify their interpretation: a one unit change in an independent variables leads to a 

 
1 https://data.vancouver.ca/datacatalogue/crime-data.htm 
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percentage change in the dependent variable. In order to facilitate the natural logarithm 

for these census tracts, they are given a value of one; this is only the case for a small 

number of cases for commercial burglary (3), theft (21), and theft of vehicle (1), with no 

impact on the qualitative results presented below when the dependent variables are not 

transformed. 

<Insert Table 1 About Here> 

 

Census data 

The unemployment rate is measured using the Statistics Canada Censuses of Population. 

In order to test for spatially varying long- and short-run effects of unemployment of 

crime we generate a panel data set from 2003 to 2016—the earliest crime data 

available and latest census data available. We calculate the long- and short-run 

unemployment rate in the same manner as data preparation for the decomposition 

model (Andresen 2012). For each census tract, the average value for the unemployment 

rate for each year is calculated; this is the long-run unemployment variable, capturing 

the average effect of unemployment on crime over time. The short-run unemployment 

variable is calculated by subtracting the actual unemployment value for each year from 

the average (long-run) value. The 2016 values for these calculated variables are then 

matched with the 2016 crime data and control variables from the census. 

 The control variables from the census are theoretically informed from social 

disorganization theory (Shaw et al. 1929; Shaw and McKay 1942) and the routine 

activity approach (Cohen and Felson 1979). As noted above, within the social 

disorganization framework, social and economic deprivation, ethnic heterogeneity, and 

population turnover (residential mobility) are related to criminal activity in an area. 

The routine activity approach posits that a motivated offender and suitable target 
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converging in time and space without the presence of a capable guardian may lead to a 

criminal event.  

Sixteen control variables are constructed using data from the Statistics Canada 

Census of Population to measure population turnover, socio-demographics, socio-

economic status, housing, and income. Population turnover is measured using 

population change over the previous year, and the percentage of rental housing units. 

The percentage of old houses (40+ years old) and houses under major repair capture 

housing characteristics on a census tract. Socio-economic status is measured 

considering the percentage of people with a post-secondary degree/diploma/certificate, 

the percentage of families that are low income, the percentage of people whose income 

comes from government assistance (welfare, family allowance, employment insurance, 

etc.), average dwelling value in thousands of 2006 dollars, average rent in hundreds of 

2006 dollars, and median family income in thousands of 2006 dollars. Lastly, the socio-

demographic characteristics of a census tract are measured considering the percentages 

of those with Aboriginal identity, immigrants, recent immigrants (within the past 5 

years), and visible minorities; relatedly the degree of ethnic heterogeneity measured 

using the Blau Index. 

The descriptive statistics for these variables are all shown in Table 1, with their 

parametric and nonparametric correlations shown in Table 2. The only variables that 

consistently emerge as statistically significant with correlation values greater than 0.80, 

a common threshold for concern, relate to the long- and short-run unemployment 

variables and variables relating to immigration, visible minorities, and ethnic 

heterogeneity. These correlations, particularly the patter set, are not surprising but 

should be considered for interpretations below. 

<Insert Table 2 About Here> 
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Geographically weighted regression 

Though the primary purpose of this paper is geographically weighted regression 

(GWR), all crime types are also analysed using global regression techniques for 

comparison, to show the utility of a GWR approach in the context of the unemployment 

and crime relationship. Global analyses are begun with ordinary least squares (OLS) 

with tests for spatial autocorrelation in the residuals using Moran’s I. If spatial 

autocorrelation is present, one may use either a spatial lag or spatial error model, with 

spatial lag models filtering spatial autocorrelation within the dependent variable and 

spatial error models filtering spatial autocorrelation within the residuals. The 

appropriate spatial model (lag or error) is identified using Lagrange Multiplier tests. 

Once the appropriate spatial model is identified, spatial autocorrelation is subsequently 

tested to ensure the initial spatial models (first-order Queen’s contiguity) are sufficient 

to remove spatial autocorrelation from the residuals. Robust standard errors are used 

for all statistical testing with the global model, spatial and OLS.  

 As discussed above, GWR is a local regression method that allows for spatial 

variation in estimated parameters: one for each areal unit (census tract in the current 

analyses). Once the appropriate global model is identified, GWR models are estimated 

for all crime types. GWR can be represented using the following equation: 

𝑦𝑦𝑖𝑖 = 𝛽𝛽0(𝑢𝑢𝑖𝑖 , 𝑣𝑣𝑖𝑖) + � 𝛽𝛽𝑘𝑘(𝑢𝑢𝑖𝑖 , 𝑣𝑣𝑖𝑖)𝑥𝑥𝑖𝑖𝑘𝑘
𝑘𝑘

+ 𝜀𝜀𝑖𝑖 (1) 

where yi represents the value for a crime type at location i, β0(ui, vi) represents the 

constant for location i, βk(ui, vi) represents the estimated parameter for independent 

variable xk at location i, and εi is the independently and identically distributed residual 

at location i (Brunsdon et al. 1996; Fotheringham et al. 2001, 2002). The output from 
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these regressions can be mapped, and is mapped for the unemployment variables of 

interest—maps of the for the control variables are available from the authors by 

request. The minimum, maximum, and quartiles are presented in the output tables, in 

the appendix, but do not indicate the statistical significance of those estimated 

parameters. In order to map both statistical significance and the various magnitudes of 

the estimated parameters, only estimated parameters statistically significant at the 5 

percent level are represented on the maps presented in the discussion, rather than 

mapping both the spatially varying parameters and z-statistics separately. All analyses 

are undertaken using R: A Language and Environment for Statistical Computing 

<http://www.r-project.org/>. 

 

Results 

The estimated results for the global models are presented in Table 3. Of the 7 models 

estimated, 6 of them have spatial models for the global results: theft does not exhibit 

spatial autocorrelation in its residuals. Also, in all cases aside from residential burglary, 

the local model (GWR) shows an improvement in the AIC statistic. 

 Turning to the variables of interest, long- and short-run unemployment, Table 3 

shows that neither of these variables is statistically significant for any of the 7 crime 

types. This result may be though of as a result of the high degree of collinearity between 

the long- and short-run unemployment measures (see Table 2), but when only 

considering the unemployment rate for census tracts, this variables is always 

statistically significant and does not have any correlation coefficients that are of a high 

magnitude—most are statistically insignificant and none are greater than 0.41. At this 

stage of the analysis, one may conclude that the unemployment and crime model of 

Cantor and Land (1985) does not apply in the current context as it had in previous years 
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(Andresen 2012). However, as shown below, this interpretation would be premature 

and incorrect. 

 Regarding the control variables in the analyses, population change, major 

repairs, government assistance, and average dwelling value are the most consistency 

statistically significant across the 7 crime types. Aside from major repairs, all estimated 

signs are theoretically consistent, particularly when one considers the context of the 

crime types involved. For example, population change is always positive, consistent 

with social disorganization theory. Increases in government assistance have a negative 

relationship with property crime types (low income is always positive) because 

increases in government assistance leads to lower levels of motivation for property 

crime. And increases in average dwelling value is positive theft from vehicle and 

aggregate property crime, based on the expected increased value of goods in such areas. 

However, increases in average dwelling value are associated with decreases in mischief, 

theft, and theft of vehicle. This may be due to increases in social control in wealthier 

areas for the former two crime types, but due to an increased presence of vehicles 

parked in enclosed garages with electronic mobilizers in these areas (Hodgkinson et al. 

2016). And lastly, though also having high degrees of collinearity, the immigration, 

visible minority, and ethnic heterogeneity variables to achieve statistical significance for 

some crime types. 

<Insert Table 3 About Here> 

Turning to the GWR results, there is notable spatial heterogeneity in the 

estimated parameters for all crime types—the residuals in all of the models showed no 

statistically significant spatial autocorrelation. As shown in the appendix, many but not 

all of the estimated parameter vectors switch signs from negative to positive, indicating 

that the relationship between these variables are very different from place to place. 
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However, as noted above, simply because estimated parameters range from negative to 

positive does not mean that they are statistically significant. As such, only estimated 

local parameters statistically significant at the 5 percent level for the long- and short-

run unemployment variables are sown here—other local results are beyond the scope 

of the current research. Despite being statistically insignificant at the global level for all 

crime types, there are 3 cases of where the unemployment variables are statistically 

significant at the local level: long-run unemployment (residential burglary) and short-

run unemployment (theft and aggregate property crime). 

In the context of long-run employment and residential burglary, Figure 1, the 

statistically significant local results are always negative, contrary to the expectations of 

the Cantor and Land (1985) model in the long-run. Additionally, the effect of 

unemployment is in the western area of Vancouver, where some of the most expensive 

housing is located; in fact, the estimated local parameters are at their greatest 

magnitude in one of Vancouver’s wealthiest neighborhoods, Shaughnessy. Previous 

research on residential burglary in Vancouver has shown relative increases in 

residential burglary in recent years (Andresen and Hodgkinson 2018), so it may be the 

case that increases in unemployment for these areas that are expected to have longer-

term financial capital, have increases in guardianship when unemployment increases in 

the long-run; this is, however, speculation at this point and should be considered in 

future research. 

<Insert Figure 1 About Here> 

 Regarding the statistically significant local effects of short-run unemployment, 

the effects for theft (Figure 2a) and aggregate property crime (Figure 2b) are in notably 

different places, but both negative as expected within the Cantor and Land (1985) 

model of unemployment and crime. In the context of theft, Figure 2a, increases in short-
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run unemployment are associated with decreases in crime in the Downtown Eastside, 

the poorest neighborhood in Vancouver—in fact, this is the poorest urban 

neighborhood in Canada. In the context of aggregate property crime, Figure 2b, the 

statistically significant local effects are similar to those for long-run unemployment and 

residential burglary, in that they are in the wealthiest area of Vancouver, particularly 

Shaughnessy. It is also important to note that there is far less variation in the short-run 

effects than there are in the long-run effects of unemployment on crime.  

<Insert Figure 2 About Here> 

 Though not the primary focus of this paper, in Figure 3 we show some of the 

GWR results for the control variables statistically significant across most crime types: 

population change, major repairs, government assistance, and average dwelling value. 

These maps show that even within a GWR all units of analysis may be statistically 

significant, while showing variation across space. Perhaps most interesting is the 

shifting of census tracts where the magnitude of estimated parameters changes; though 

these estimates are often low magnitude, the relative magnitude change is close to 50 

percent in some cases. 

<Insert Figure 3 About Here> 

 

Discussion 

In this paper, we set out to investigate the spatially-varying effects of long- and short-

run unemployment of various property crime types in Vancouver. Overall, we found 

that the Cantor and Land (1985) model of unemployment and crime does not appear to 

be relevant at the global level in Vancouver, Canada. However, when we considered 

local effects, the GWR models estimated results consistent with the predictions of the 

Cantor and Land (1985) model.  
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 Based on an inspection of the mapped GWR output, Figures 1 and 2, the reason 

why the global estimates for long- and short-run unemployment were statistically 

insignificant is because that relationship holds in so few places in Vancouver for 2016. 

As such, when the relationship between unemployment and crime is assessed at the 

global level, the majority of census tracts with statistically insignificant relationships 

dominate the few census tracts that have statistically significant results. The same may 

occur if there were a number of positive effects and a similar number of negative effects: 

on average, the effect is zero. 

 These results are both intriguing and troubling in the context of research that 

has, or will, used global statistical analyses to test theory or evaluate policy. In the 

context of “pure” theory testing, the consequences of not considering local statistical 

models are not that great: a theory may be confirmed or denied in an academic context 

when it should not be. This is not to say that pure theory testing is of no value, far from 

it. Local statistical analyses could prove to be useful in theoretical refinements, learning 

where posited theoretical relationships hold.  

However, when that theory is used to identify policy instruments/variables to 

reduce crime, or some other social ill, improperly identifying what is and is not related 

to criminal activity may be detrimental. For example, if a policy variable that is 

relatively easy to manipulate and is cost-effective relative to other possibilities is 

deemed to be unrelated to crime because of a global model when it may have a high 

degree of effectiveness in a subset of places under analysis, resources may be wasted on 

another initiative—especially if that initiative is only effective in a few places and is 

implemented in the wrong places. A similar argument can be made in the context of 

policy evaluation: a global effect may not be identified, deeming a policy ineffective, 
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when it may, in fact, be highly effective in a small number of places that could greatly 

benefit from such a policy.  

As with any research, the current paper is not without limitations. Aside from 

that standard limitation of using criminal events only reported to the police (see 

Sherman et al., (1989) for a discussion of this limitation), we have three primary 

limitations in our research. First, our analyses only concern Vancouver, Canada. At this 

time, there are no other papers that assess the spatially-varying effects of Cantor and 

Land (1985) unemployment and crime model. As such, we cannot make any claims 

regarding the generalizability of this research. However, our results are consistent with 

the general results found in the research that uses GWR in a criminology context. 

Second, we only consider one year of data to estimate the spatially-varying effects of 

long- and short-run unemployment on criminal events. Though such a research design 

is common in spatial criminology and the variables under analysis here are calculated 

using a longitudinal data set, the Cantor and Land (1985) model is longitudinal in 

nature. And third, because of our use of areal data, we are susceptible to the modifiable 

areal unit problem (MAUP) and the ecological fallacy (Openshaw 19984; Robinson 

1950). There is little we can do regarding the MAUP, but we avoid the ecological fallacy 

by only making interpretations at the level of analysis. 

Despite these limitations, these results are instructive, as discussed above, and 

serve as a point from which future research can develop. Regarding the first primary 

limitation of the current work, similar studies in other locations should be undertaken 

to investigate the spatially-varying effects of long- and short-run unemployment on 

criminal events. This will allow for statements regarding the generalizability of these 

results to be made. Regarding the second primary limitation of the current work, a 

spatial panel GWR model can be specified, but is beyond the scope of the current 
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analyses. The use of a spatial panel in GWR would allow for a data set more 

conventional in the Cantor and Land (1985) model to be used to test its theoretical 

predictions—see Fotheringham et al. (2015). 

Overall, the current research contributes to the literature through the use of a 

local statistical technique. Statistically significant local results are found when no 

statistically significant global results are present. This is important for theoretical 

testing and development, but also for the identification of policy variables and 

subsequent evaluation. 

 

  



21 
 

References 

Andresen, M. A. 2012. Unemployment and crime: A neighborhood level panel data  

 approach. Social Science Research 41(6): 1615-1628. 

Andresen, M. A. 2013. Unemployment, business cycles, crime, and the Canadian  

 provinces. Journal of Criminal Justice 41(4): 220-227. 

Andresen, M.A. 2015. Unemployment, GDP, and crime: the importance of multiple  

 measurements of the economy. Canadian Journal of Criminology and Criminal  

 Justice 57(1): 35 - 58. 

Andresen, M.A., and T. Hodgkinson. 2018. Predicting property crime risk: An application  

of risk terrain modeling in Vancouver, Canada. European Journal on Criminal  

Policy and Research 24(4): 373 – 392. 

Arnio, A. N., and E.P. Baumer. 2012. Demography, foreclosure, and crime: Assessing  

spatial heterogeneity in contemporary models of neighborhood crime rates.  

Demographic Research 26: 449-488. 

Arvanites, T. M., and R.H. Defina. 2006. Business cycles and street crime. Criminology  

 44(1): 139-164. 

Becker, J. H. 2016. The dynamics of neighborhood structural conditions: The effects of  

concentrated disadvantage on homicide over time and space. City and  

Community 15(1): 64-82. 

Britt, C. L. 1997. Reconsidering the unemployment and crime relationship: Variation  

by age group and historical period. Journal of Quantitative Criminology 13(4):  

405-428. 

Brunsdon, C., A.S. Fotheringham, and M.E. Charlton. 1996. Geographically weighted  

regression: A method for exploring spatial nonstationarity. Geographical  

Analysis 28(4): 281-298. 



22 
 

Bunting, R.J., O.Y. Chang, C. Cowen, R. Hankins, S. Langston, A. Warner, X. Yang, E.R.  

Louderback, and S.S. Roy. 2018. Spatial patterns of larceny and aggravated  

assault in Miami–Dade County 2007-2015. Professional Geographer 70(1): 34- 

46. 

Cahill, M., and G. Mulligan. 2007. Using geographically weighted regression to explore  

 local crime patterns. Social Science Computer Review 25(2): 174-193. 

Cantor, D., and K.C. Land. 1985. Unemployment and crime rates in the post-world war II  

 united states: A theoretical and empirical analysis. American Sociological Review  

 50(3): 317-332. 

Cantor, D., and K.C. Land. 1991. Exploring possible temporal relationships of  

 unemployment and crime: A comment on Hale and Sabbagh. Journal of Research  

in Crime and Delinquency 28(4): 418-425. 

Cantor, D., and K.C. Land. 2001. Unemployment and crime rate fluctuations: A comment  

on Greenberg. Journal of Quantitative Criminology 17(4): 329-342. 

Chiricos, T. G. 1987. Rates of crime and unemployment: An analysis of aggregate  

research evidence. Social Problems 34(2): 187-212. 

Cohen, L., and M. Felson. 1979. Social change and crime rate trends: A routine activity  

approach. American Sociological Review 44(4): 588-608. 

Cowen, C., E.R. Louderback, and S.S. Roy. 2019. The role of land use and walkability in  

predicting crime patterns: A spatiotemporal analysis of Miami-Dade County  

neighborhoods 2007–2015. Security Journal 32(3): 264 – 286. 

Field, S. 1990. Trends in crime and their interpretation: A study of recorded  

 crime in post war England and Wales. London: Home Office. 

Fotheringham, A. S., C. Brunsdon, and M. Charlton. 2002. Geographically weighted  

regression: The analysis of spatially varying relationships. West Sussex, UK: Wiley. 



23 
 

Fotheringham, A. S., M. Charlton, and C. Brunsdon. 2001. Spatial variations in school  

performance: A local analysis using geographically weighted regression.  

Geographical and Environmental Modelling 5(1): 43-66. 

Fotheringham, A. S., R. Crespo, and J. Yao. 2015. Geographical and temporal weighted  

regression (GTWR). Geographical Analysis 47(4): 431-452. 

Graif, C., and R.J. Sampson. 2009. Spatial heterogeneity in the effects of immigration  

and diversity on neighborhood homicide rates. Homicide Studies 13(3): 242-260. 

Greenberg, D. F. 2001. Time series analysis of crime rates. Journal of Quantitative  

 Criminology 17(4): 291-327. 

Grubesic, T. H., E.A. Mack, and M.T. Kaylen. 2012. Comparative modeling approaches  

for understanding urban violence. Social Science Research 41(1): 92-109. 

Ha, O. K., and M.A. Andresen. 2017. Unemployment and the specialization of criminal  

activity: A neighborhood analysis. Journal of Criminal Justice 48: 1 – 8. 

Hale, C., and D. Sabbagh. 1991. Testing the relationship between unemployment and  

crime:  A methodological comment and empirical analysis using time series data  

from England and Wales. Journal of Research in Crime and Delinquency 28(4):  

400-417. 

Hodgkinson, T., M.A. Andresen, and G. Farrell. 2016. The decline and locational shift of  

automotive theft: A local level analysis. Journal of Criminal Justice 44(1): 49 – 57. 

Keighley, K. 2017. Police-reported crime statistics in Canada 2016. Ottawa, ON:  

Canadian Centre for Justice Statistics, Statistics Canada. 

Levitt, S. D. 2001. Alternative strategies for identifying the link between  

unemployment and crime. Journal of Quantitative Criminology 17(4): 377-390. 

Light, M. T., and C.T. Harris. 2012. Race, space, and violence: exploring spatial  

dependence in structural covariates of white and black violent crime in US  



24 
 

counties. Journal of Quantitative Criminology 28(4): 559-586. 

Louderback, E. R., and S.S. Roy. 2018. Integrating social disorganization and routine  

activity theories and testing the effectiveness of neighbourhood crime watch  

programs: Case study of Miami-Dade County 2007–15. British Journal of  

Criminology 58(4): 968-992. 

Malczewski, J., and A. Poetz. 2005. Residential burglaries and neighborhood  

socioeconomic context in London, Ontario: Global and local regression analysis.  

Professional Geographer 57(4): 516-529. 

Openshaw, S. 1984. The modifiable areal unit problem. CATMOG (Concepts and  

 Techniques in Modern Geography) 38. Norwich: Geo Books. 

Phillips, J., and K.C. Land. 2012. The link between unemployment and crime rate  

 fluctuations: An analysis at the county, state, and national levels. Social Science  

 Research 41(3): 681-694. 

Robinson, W. S. 1950. Ecological correlations and the behavior of individuals.  

 American Sociological Review 15(3): 351 – 357. 

Rosenfeld, R., and R. Fornango. 2007. The impact of economic conditions on robbery  

and property crime: The role of consumer sentiment. Criminology 45(4): 735- 

769. 

Shaw, C. R., F. Zorbaugh, H.D. McKay, and L.S. Cottrell. 1929. Delinquency areas: A study  

of the geographic distribution of school truants, juvenile delinquents, and adult  

offenders in Chicago. Chicago, IL: University of Chicago Press. 

Shaw, C. R., and H.D. McKay. 1942. Juvenile delinquency and urban areas: A study of rates  

of delinquency in relation to differential characteristics of local communities in  

American cities. Chicago, IL: University of Chicago Press. 

Sherman, L. W., P.R. Gartin, and M.E. Buerger. 1989. Hot spots of predatory crime:  



25 
 

Routine activities and the criminology of place. Criminology 27(1): 27 – 55. 

Smith, M. D., J.A. Devine, and J.F. Sheley. 1992. Crime and unemployment: Effects across  

 age and race categories. Sociological Perspectives 35(4): 551-572. 

Tobler W. 1970. A computer movie simulating urban growth in the Detroit region.  

Economic Geography 46(Supplement): 234–240. 

  



26 
 

Table 1. Descriptive statistics, dependent and independent variables 
 

Mean 
Standard 
deviation Median Minimum Maximum 

Commercial burglary (count) 25.58 43.19 11 0 314 
Residential burglary (count) 28.5 14.96 27 4 72 
Mischief (count) 43.73 77.13 27 7 686 
Theft (count) 54.36 151.76 13 0 1425 
Theft from vehicle (count) 121.91 266.74 67 23 2570 
Theft of vehicle (count) 14 11.83 11 0 87 
Aggregate property (count) 288.1 535.63 184 60 5117 
Unemployment rate 3.8 0.79 3.75 2.02 6.73 
Unemployment, long-run 6.25 1.69 5.97 3.15 14.07 
Unemployment, short-run -2.46 1.51 -2.26 -9.19 -0.05 
Population change, % 7.37 15.94 4.1 -9.71 118.91 
Rentals, % 24.2 14.64 17.32 4.05 59.79 
Major repairs, % 3.23 1.71 2.71 0.87 9.53 
Old houses, % 11.6 6.17 11.44 0.59 25.82 
Recent moves 1 year, % 16.67 4.69 15.97 7.55 27.71 
Postsecondary, % 54.46 12.79 54.89 27.24 76.55 
Low income, % 18.48 6.16 17 9.5 44.37 
Government assistance, % 8.98 4.73 8.1 2.2 33.7 
Average dwelling value, 000s 1213.42 661.13 1088.91 341.89 3089.16 
Average rent, 00s 11.34 2.62 10.64 4.85 18.01 
Median family income, 000s 60.11 16.15 59.02 14.78 124.08 
Aboriginal identify, % 2.35 2.45 1.71 0 18.11 
Immigrants, % 40.99 12.3 40.85 19.39 64.32 
Recent immigrants, % 5.75 2.17 5.36 1.31 11.44 
Visible minorities, % 49.21 22.68 44.59 10.1 91.01 
Ethnic heterogeneity 57.55 14.11 59.27 19.04 80.4 
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Table 2. Correlation matrix, independent variables 
  X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 X13 X14 X15 X16 X17 X18 

Unemployment, long-run, 
X1 

  -0.89** 0.46** 0.13 0.09 -0.14 -0.18 -0.54 0.66** 0.77** -0.30 -0.61 -0.61 0.59** 0.07 -0.16 0.16 0.13 

Unemployment, short-run, 
X2 

-0.81**   -0.36 0.01 0.05 0.21* 0.29** 0.60** -0.56 -0.76 0.19* 0.55** 0.47** -0.48 -0.17 0.12 -0.27 -0.24 

Population change, %,  
X3 

-0.06 0.05   0.30** 0.21* -0.07 0.16 -0.02 0.38** 0.30** -0.32 -0.22 -0.36 0.38** -0.37 -0.29 -0.30 -0.28 

Rentals, %,  
X4 

0.04 0.13 0.44**   0.75** 0.27** 0.69** 0.58** 0.44** -0.06 -0.68 -0.24 -0.65 0.45** -0.62 -0.01 -0.67 -0.61 

Major repairs, %,  
X5 

-0.09 0.19* 0.36** 0.73**   0.32** 0.44** 0.46** 0.29** -0.05 -0.53 -0.27 -0.49 0.56** -0.67 -0.26 -0.67 -0.63 

Old houses, %,  
X6 

-0.28 0.29** -0.01 0.22* 0.39**   0.18 0.32** -0.11 -0.31 0.16 0.13 0.09 0.16 -0.58 -0.34 -0.56 -0.51 

Recent moves 1 year, %,  
X7 

-0.19 0.31** 0.32** 0.68** 0.46** 0.22*   0.71** 0.18 -0.44 -0.36 0.17 -0.28 0.11 -0.46 0.22* -0.49 -0.42 

Postsecondary, %,  
X8 

-0.57 0.62** 0.26** 0.57** 0.50** 0.34** 0.71**   -0.11 -0.79 -0.13 0.51** 0.10 -0.07 -0.62 0.03 -0.74 -0.66 

Low income, %,  
X9 

0.41** -0.25 0.03 0.34** 0.16 -0.18 0.26** 0.01   0.46** -0.20 -0.29 -0.68 0.51** 0.01 0.11 -0.05 -0.09 

Government assistance, %, 
X10 

0.71** -0.65 -0.10 -0.15 -0.16 -0.37 -0.48 -0.82 0.21*   -0.30 -0.75 -0.56 0.38** 0.35** -0.09 0.42** 0.34** 

Average dwelling value, 
000s, X11 

-0.19 0.09 -0.46 -0.78 -0.64 0.07 -0.43 -0.28 -0.24 -0.14   0.63** 0.73** -0.46 0.33** 0.15 0.29** 0.18 

Average rent, 00s,  
X12 

-0.69 0.62** -0.03 -0.12 -0.13 0.22* 0.28** 0.63** -0.21 -0.84 0.42**   0.73** -0.50 -0.05 0.20* -0.18 -0.17 

Median family income, 
000s, X13 

-0.52 0.31** -0.22 -0.67 -0.50 0.06 -0.36 0.00 -0.69 -0.45 0.67** 0.56**   -0.55 0.12 0.01 0.11 0.14 

Aboriginal identify, %,  
X14 

0.26** -0.20 0.34** 0.59** 0.57** 0.20* 0.14 0.04 0.10 0.26** -0.74 -0.55 -0.51   -0.46 -0.42 -0.37 -0.32 

Immigrants, %,  
X15 

0.31** -0.33 -0.47 -0.64 -0.70 -0.58 -0.49 -0.64 0.16 0.49** 0.49** -0.16 0.11 -0.54   0.54** 0.96** 0.80** 

Recent immigrants, %,  
X16 

-0.01 0.04 -0.30 -0.12 -0.30 -0.37 0.18 0.05 0.35** -0.04 0.16 0.20* -0.11 -0.45 0.53**   0.44** 0.32** 

Visible minorities, %,  
X17 

0.38** -0.41 -0.42 -0.70 -0.73 -0.57 -0.54 -0.74 0.04 0.54** 0.49** -0.27 0.15 -0.45 0.95** 0.41**   0.87** 

Ethnic heterogeneity,  
X18 

0.36** -0.36 -0.30 -0.56 -0.65 -0.56 -0.45 -0.69 -0.05 0.53** 0.31** -0.33 0.15 -0.26 0.82** 0.28** 0.89**   
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Table 3. Global regression results, natural logarithms of crime count 

 
Commercial 

burglary 
Residential 

burglary 
Mischief Theft Theft from 

vehicle 
Theft of 
vehicle 

Aggregate 
property 

Unemployment, long-run 0.140 -0.056 0.060 -0.044 0.086 -0.091 0.043 
Unemployment, short-run 0.074 -0.040 -0.021 -0.268 0.031 -0.058 -0.036 
Population change, % 0.016** 0.008** 0.014*** 0.022 0.010*** 0.009** 0.014*** 
Rentals, % -0.015 -0.048*** -0.026** -0.049 -0.014 -0.018 -0.023** 
Major repairs, % -0.142* -0.091** -0.094** -0.296* -0.153*** -0.085* -0.142*** 
Old houses, % -0.029 0.018* 0.004 0.024 0.001 -0.001 0.005 
Recent moves 1 year, % 0.038 0.014 0.007 0.013 0.005 0.002 0.011 
Postsecondary, % -0.003 0.003 -0.002 0.036 -0.002 -0.015 0.002 
Low income, % 0.013 0.040** 0.043** 0.035 0.025 0.034* 0.024 
Government assistance, % -0.104** -0.060** -0.081*** -0.173 -0.079*** -0.069** -0.091** 
Average dwelling value, 000s 0.000 0.000 -0.001*** -0.001* 0.000** -0.001*** 0.000** 
Average rent, 00s -0.024 -0.111*** -0.030 0.155 -0.015 -0.029 -0.025 
Median family income, 000s -0.024 0.000 0.001 -0.058* -0.003 -0.001 -0.007 
Aboriginal identify, % 0.028 0.056** 0.044 0.045 0.022 0.058* 0.039 
Immigrants, % 0.013 0.009 -0.007 -0.068 -0.013 -0.024 -0.009 
Recent immigrants, % 0.042 0.026 0.070** 0.175 0.037 0.052 0.065* 
Visible minorities, % -0.034* -0.007 -0.010 0.029 -0.001 0.010 -0.001 
Ethnic heterogeneity 0.014 -0.001 0.011* 0.007 0.002 -0.003 0.001 
        
Model type Spatial lag Spatial error Spatial lag OLS Spatial lag Spatial lag Spatial lag 
AIC (global) 268.92 128.88 159.4 409.69 146.09 160.2 156.86 
AIC (local) 230.44 230.44 132.01 374.39 125.29 134.63 121.79 

Note.  All models tested for spatial autocorrelation using Moran’s I. First-order Queen’s contiguity was sufficient to control for spatial 
autocorrelation in all cases.
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Figure 1. Estimated GWR coefficients, long-run, residential burglary 
 

 
 
Figure 2. Estimated GWR coefficients, short-run, theft and aggregate property 
crime 

a) Theft 
 

b) Aggregate property crime 
 

 
Figure 3a. Estimated GWR coefficients, population change, aggregate property 

 
 
Figure 3b. Estimated GWR coefficients, major repairs, aggregate property 

 
 
Figure 3c. Estimated GWR coefficients, government assistance, aggregate 
property 

 
 
Figure 3d. Estimated GWR coefficients, average dwelling value, aggregate 
property 
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Appendix (local and global regression output) 
 
 
Table A1. Commercial burglary (natural logarithm), local and global regression results 

 Min. Q1 Median Q3 Max. Global 
Constant 3.557 4.042 4.618 5.751 7.212 4.265* 
Unemployment, long-run 0.090 0.107 0.115 0.130 0.140 0.140 
Unemployment, short-run -0.043 -0.022 0.026 0.069 0.100 0.074 
Population change, % 0.011 0.015 0.017 0.019 0.021 0.016** 
Rentals, % -0.030 -0.023 -0.017 -0.011 -0.006 -0.015 
Major repairs, % -0.187 -0.167 -0.152 -0.131 -0.111 -0.142* 
Old houses, % -0.044 -0.039 -0.034 -0.023 -0.011 -0.029 
Recent moves 1 year, % 0.004 0.013 0.027 0.034 0.042 0.038 
Postsecondary, % -0.021 -0.006 0.009 0.020 0.028 -0.003 
Low income, % 0.024 0.034 0.049 0.063 0.076 0.013 
Government assistance, % -0.141 -0.121 -0.104 -0.085 -0.073 -0.104** 
Average dwelling value, 000s -0.001 -0.001 -0.001 0.000 0.000 0.000 
Average rent, 00s -0.086 -0.042 -0.008 0.047 0.096 -0.024 
Median family income, 000s -0.028 -0.021 -0.015 -0.011 -0.006 -0.024 
Aboriginal identify, % -0.037 -0.025 -0.015 -0.008 0.006 0.028 
Immigrants, % -0.045 -0.027 -0.011 0.002 0.008 0.013 
Recent immigrants, % -0.075 -0.034 0.015 0.072 0.112 0.042 
Visible minorities, % -0.045 -0.038 -0.029 -0.017 -0.006 -0.034* 
Ethnic heterogeneity -0.009 0.001 0.014 0.030 0.041 0.014 
Moran’s I = 0.009, p-value = 0.73 
AIC, global model, spatial lag = 268.92 
AIC, local model = 230.44 
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Table A2. Residential burglary (natural logarithm), local and global regression results 
 Min. Q1 Median Q3 Max. Global 
Constant 3.557 4.042 4.618 5.751 7.212 5.069*** 
Unemployment, long-run 0.090 0.107 0.115 0.130 0.140 -0.056 
Unemployment, short-run -0.043 -0.022 0.026 0.069 0.100 -0.040 
Population change, % 0.011 0.015 0.017 0.019 0.021 0.008** 
Rentals, % -0.030 -0.023 -0.017 -0.011 -0.006 -0.048*** 
Major repairs, % -0.187 -0.167 -0.152 -0.131 -0.111 -0.091** 
Old houses, % -0.044 -0.039 -0.034 -0.023 -0.011 0.018* 
Recent moves 1 year, % 0.004 0.013 0.027 0.034 0.042 0.014 
Postsecondary, % -0.021 -0.006 0.009 0.020 0.028 0.003 
Low income, % 0.024 0.034 0.049 0.063 0.076 0.040** 
Government assistance, % -0.141 -0.121 -0.104 -0.085 -0.073 -0.060** 
Average dwelling value, 000s -0.001 -0.001 -0.001 0.000 0.000 0.000 
Average rent, 00s -0.086 -0.042 -0.008 0.047 0.096 -0.111*** 
Median family income, 000s -0.028 -0.021 -0.015 -0.011 -0.006 0.000 
Aboriginal identify, % -0.037 -0.025 -0.015 -0.008 0.006 0.056** 
Immigrants, % -0.045 -0.027 -0.011 0.002 0.008 0.009 
Recent immigrants, % -0.075 -0.034 0.015 0.072 0.112 0.026 
Visible minorities, % -0.045 -0.038 -0.029 -0.017 -0.006 -0.007 
Ethnic heterogeneity -0.009 0.001 0.014 0.030 0.041 -0.001 
Moran’s I = 0.008, p-value = 0.74 
AIC, global model, spatial error = 128.88 
AIC, local model = 230.44 
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Table A3. Mischief (natural logarithm), local and global regression results 
 Min. Q1 Median Q3 Max. Global 
Constant 3.804 3.905 3.967 4.048 4.162 2.922** 
Unemployment, long-run 0.023 0.053 0.080 0.100 0.105 0.060 
Unemployment, short-run -0.098 -0.075 -0.056 -0.036 -0.011 -0.021 
Population change, % 0.012 0.013 0.014 0.016 0.017 0.014*** 
Rentals, % -0.034 -0.032 -0.031 -0.030 -0.028 -0.026** 
Major repairs, % -0.128 -0.123 -0.117 -0.113 -0.109 -0.094** 
Old houses, % -0.004 -0.001 0.003 0.008 0.013 0.004 
Recent moves 1 year, % -0.012 -0.008 -0.004 0.001 0.008 0.007 
Postsecondary, % -0.001 0.002 0.005 0.008 0.012 -0.002 
Low income, % 0.052 0.063 0.073 0.080 0.084 0.043** 
Government assistance, % -0.107 -0.103 -0.092 -0.078 -0.068 -0.081*** 
Average dwelling value, 000s -0.001 -0.001 -0.001 -0.001 -0.001 -0.001*** 
Average rent, 00s -0.077 -0.051 -0.036 0.002 0.026 -0.030 
Median family income, 000s -0.006 0.001 0.007 0.011 0.013 0.001 
Aboriginal identify, % 0.014 0.025 0.035 0.047 0.054 0.044 
Immigrants, % -0.028 -0.025 -0.022 -0.015 -0.011 -0.007 
Recent immigrants, % 0.032 0.047 0.064 0.086 0.099 0.070** 
Visible minorities, % -0.013 -0.011 -0.006 -0.003 -0.002 -0.010 
Ethnic heterogeneity 0.008 0.010 0.013 0.018 0.020 0.011* 
Moran’s I = -0.029, p-value = 0.71 
AIC, global model, spatial lag = 159.4 
AIC, local model = 132.01 
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Table A4. Theft (natural logarithm), local and global regression results 
 Min. Q1 Median Q3 Max. Global 
Constant 5.064 5.573 5.709 6.162 7.099 5.868 
Unemployment, long-run -0.223 -0.166 -0.094 -0.047 0.000 -0.044 
Unemployment, short-run -0.559 -0.466 -0.394 -0.294 -0.227 -0.268 
Population change, % 0.017 0.020 0.021 0.022 0.024 0.022 
Rentals, % -0.081 -0.067 -0.052 -0.032 -0.014 -0.049 
Major repairs, % -0.344 -0.303 -0.267 -0.231 -0.187 -0.296* 
Old houses, % 0.001 0.014 0.026 0.044 0.063 0.024 
Recent moves 1 year, % -0.025 -0.004 0.009 0.022 0.038 0.013 
Postsecondary, % 0.024 0.033 0.043 0.051 0.062 0.036 
Low income, % -0.022 -0.006 0.015 0.046 0.087 0.035 
Government assistance, % -0.220 -0.201 -0.174 -0.130 -0.088 -0.173 
Average dwelling value, 000s -0.002 -0.002 -0.001 -0.001 -0.001 -0.001* 
Average rent, 00s 0.071 0.140 0.210 0.296 0.393 0.155 
Median family income, 000s -0.076 -0.071 -0.067 -0.062 -0.050 -0.058* 
Aboriginal identify, % -0.104 -0.028 0.036 0.070 0.090 0.045 
Immigrants, % -0.091 -0.076 -0.067 -0.059 -0.040 -0.068 
Recent immigrants, % -0.017 0.038 0.110 0.203 0.268 0.175 
Visible minorities, % -0.004 0.013 0.027 0.051 0.075 0.029 
Ethnic heterogeneity -0.045 -0.023 0.004 0.035 0.055 0.007 
Moran’s I = -0.038, p-value = 0.60 
AIC, global model, OLS = 409.69 
AIC, local model = 374.39 
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Table A5. Theft from vehicle (natural logarithm), local and global regression results 
 Min. Q1 Median Q3 Max. Global 
Constant 5.347 5.444 5.531 5.595 5.674 3.513*** 
Unemployment, long-run 0.028 0.058 0.087 0.118 0.145 0.086 
Unemployment, short-run -0.092 -0.059 -0.018 0.032 0.078 0.031 
Population change, % 0.010 0.011 0.012 0.013 0.015 0.010*** 
Rentals, % -0.025 -0.022 -0.020 -0.018 -0.015 -0.014 
Major repairs, % -0.203 -0.199 -0.190 -0.183 -0.178 -0.153*** 
Old houses, % -0.004 -0.002 0.002 0.006 0.009 0.001 
Recent moves 1 year, % -0.017 -0.013 -0.011 -0.007 -0.001 0.005 
Postsecondary, % -0.002 0.002 0.008 0.014 0.019 -0.002 
Low income, % 0.040 0.053 0.062 0.066 0.070 0.025 
Government assistance, % -0.108 -0.099 -0.083 -0.067 -0.055 -0.079*** 
Average dwelling value, 000s -0.001 -0.001 -0.001 -0.001 0.000 0.000** 
Average rent, 00s -0.035 -0.015 0.009 0.047 0.073 -0.015 
Median family income, 000s -0.011 -0.005 0.002 0.006 0.007 -0.003 
Aboriginal identify, % -0.008 -0.001 0.004 0.011 0.019 0.022 
Immigrants, % -0.042 -0.038 -0.032 -0.023 -0.018 -0.013 
Recent immigrants, % 0.016 0.028 0.037 0.051 0.059 0.037 
Visible minorities, % -0.009 -0.005 -0.001 0.003 0.005 -0.001 
Ethnic heterogeneity 0.003 0.004 0.007 0.012 0.014 0.002 
Moran’s I = -0.005, p-value = 0.94 
AIC, global model, spatial lag = 146.09 
AIC, local model = 125.29 
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Table A6. Theft of vehicle (natural logarithm), local and global regression results 
 Min. Q1 Median Q3 Max. Global 
Constant 4.958 5.304 5.686 6.105 6.515 4.853*** 
Unemployment, long-run -0.137 -0.111 -0.080 -0.047 -0.033 -0.091 
Unemployment, short-run -0.125 -0.108 -0.086 -0.058 -0.044 -0.058 
Population change, % 0.007 0.008 0.009 0.011 0.012 0.009** 
Rentals, % -0.027 -0.024 -0.022 -0.019 -0.017 -0.018 
Major repairs, % -0.104 -0.101 -0.099 -0.096 -0.093 -0.085* 
Old houses, % -0.004 -0.002 0.002 0.005 0.007 -0.001 
Recent moves 1 year, % -0.006 -0.005 -0.003 0.000 0.003 0.002 
Postsecondary, % -0.017 -0.014 -0.012 -0.010 -0.006 -0.015 
Low income, % 0.037 0.045 0.052 0.055 0.059 0.034* 
Government assistance, % -0.097 -0.087 -0.075 -0.067 -0.064 -0.069** 
Average dwelling value, 000s -0.001 -0.001 -0.001 -0.001 -0.001 -0.001*** 
Average rent, 00s -0.066 -0.051 -0.041 -0.030 -0.014 -0.029 
Median family income, 000s -0.002 0.001 0.004 0.006 0.007 -0.001 
Aboriginal identify, % 0.044 0.049 0.057 0.066 0.073 0.058* 
Immigrants, % -0.039 -0.037 -0.033 -0.029 -0.026 -0.024 
Recent immigrants, % 0.043 0.047 0.049 0.051 0.056 0.052 
Visible minorities, % 0.011 0.012 0.014 0.016 0.019 0.010 
Ethnic heterogeneity -0.007 -0.005 -0.003 -0.001 0.001 -0.003 
Moran’s I = 0.014, p-value = 0.66 
AIC, global model, spatial lag = 160.2 
AIC, local model = 134.63 
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Table A7. Aggregate property (natural logarithm), local and global regression results 
 Min. Q1 Median Q3 Max. Global 
Constant 5.955 6.244 6.412 6.584 7.090 4.410*** 
Unemployment, long-run -0.026 0.015 0.050 0.075 0.092 0.043 
Unemployment, short-run -0.164 -0.131 -0.093 -0.034 0.038 -0.036 
Population change, % 0.011 0.013 0.014 0.016 0.018 0.014*** 
Rentals, % -0.039 -0.033 -0.029 -0.023 -0.019 -0.023** 
Major repairs, % -0.193 -0.180 -0.160 -0.143 -0.131 -0.142*** 
Old houses, % -0.008 -0.003 0.004 0.013 0.020 0.005 
Recent moves 1 year, % -0.008 -0.006 -0.004 0.004 0.016 0.011 
Postsecondary, % 0.001 0.005 0.013 0.020 0.027 0.002 
Low income, % 0.032 0.045 0.058 0.061 0.064 0.024 
Government assistance, % -0.127 -0.115 -0.092 -0.067 -0.044 -0.091** 
Average dwelling value, 000s -0.001 -0.001 -0.001 -0.001 -0.001 0.000** 
Average rent, 00s -0.074 -0.042 -0.007 0.047 0.100 -0.025 
Median family income, 000s -0.020 -0.010 -0.001 0.003 0.005 -0.007 
Aboriginal identify, % 0.005 0.014 0.019 0.026 0.036 0.039 
Immigrants, % -0.039 -0.034 -0.031 -0.019 -0.012 -0.009 
Recent immigrants, % 0.012 0.030 0.048 0.075 0.096 0.065* 
Visible minorities, % -0.009 -0.002 0.005 0.008 0.014 -0.001 
Ethnic heterogeneity -0.007 -0.002 0.004 0.014 0.019 0.001 
Moran’s I = -0.021, p-value = 0.83 
AIC, global model, spatial lag = 156.86 
AIC, local model = 121.79 

 
 
 
  



37 
 

Martin A. Andresen is an Associate Professor in the School of Criminology and Criminal 

Justice, Griffith University (Gold Coast Campus), Southport, Queensland, Australia 4215. 

Email: martin.andresen@gmail.com. His research interests include spatial-temporal 

crime analysis, crime and place, geography of crime, applied spatial statistics and 

geographical information analysis. 

 

Olivia K. Ha is a post-doctoral researcher in the School of Criminology, Simon Fraser 

University, Burnaby, British Columbia, Canada V5A 1S6. Email: oha@sfu.ca. Her 

research interests include spatial-temporal crime analysis, unemployment and crime, 

and immigration and crime. 

 

Garth Davies is an Associate Professor in the School of Criminology, Simon Fraser 

University, Burnaby, British Columbia, Canada V5A 1S6. Email: garthd@sfu.ca. His 

research interests include terrorism, communities and crime, housing and crime, 

policing, criminological theory, statistical analyses, and research methods.. 

 




