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ABSTRACT 

 

Methodological contributions to the spatial analysis of crime, with an application to 

residential burglaries in Belo Horizonte, Brazil 

 

by 

 

Rafael Guimarães Ramos 

 

Crime is an important issue that any society has to deal with. Spatial analysis of crime is a 

valuable tool for tackling this problem, allowing patterns to be revealed, deeper 

understanding on the crime phenomenon to be attained and a more efficient allocation of 

policing and other public policies to be possible. Mapping and explaining spatial patterns 

of crime, however, involves many challenges. On this premise, this PhD dissertation has 

two main objectives: (1) presenting new methodologies to improve the spatial analysis of 

crime (2) applying these new methodologies to a case study — residential burglaries in 

Belo Horizonte — to evaluate what best explains the observed geography of crime. The 

new methodologies presented in this dissertation include a method for deciding on an 

adequate areal unit to count and map crime; a new approach for standardizing crime rates 

that provides more robust results than existing methods, and a model for estimating the 

effects of income and income inequality on the spatial distribution of crime within cities. 

Finally, some policy suggestions are discussed based on the results obtained by applying 

the methodology to the case of residential burglaries in Belo Horizonte. 
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Chapter 1  Introduction 

 

Crime is an important issue that any society has to deal with. Spatial analysis of crime 

is a valuable tool for tackling this problem, allowing patterns to be revealed, deeper 

understanding on the crime phenomenon to be attained and a more efficient allocation of 

policing and other public policies to be possible. Mapping and explaining spatial patterns of 

crime, however, involves many challenges. On this premise, this research has two main 

objectives: (1) presenting new methodologies to improve the spatial analysis of crime (2) 

applying these new methodologies to a case study — residential burglaries in Belo Horizonte 

— to evaluate what best explains the observed geography of crime. 

This dissertation is organized as follows. The remainder of Chapter 1 includes a 

detailed discussion about the significance of studying crime, and more specifically, of 

studying crime from a spatial perspective. Also in Chapter 1, an overview of the current 

theoretical approaches to explain spatial crime patterns is presented, as well as some 

methodological challenges, which will be addressed in the subsequent chapters. Finally, 

Chapter 1 concludes with a description of the city of Belo Horizonte, Brazil, the study region 

of choice for applying the new methods proposed in this dissertation, focusing on aspects 

relevant to the study of crime, and most importantly, residential burglary. Chapters 2, 3 and 4 

each address one of aforementioned methodological challenges, including an application of 

the method to the city of Belo Horizonte. Chapter 2 is focused on the problem of choosing an 

adequate unit of analysis for mapping crime; Chapter 3 approaches the problem of 

calculating robust standardized crime estimates (e.g. rates of crime per population); Chapter 4 

proposes a model for studying whether income inequality can explain the spatial distribution 

of crime in a city. Finally, in Chapter 5, a summary of the main findings (methodological and 
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empirical) is provided, including a diagnostic of what is the most consistent explanation for 

the geography of burglary observed in Belo Horizonte after applying the proposed methods. 

 

1.1 Explaining the geography of crime – Motivation 

The study of crime has a fundamental importance in refining our understanding of 

this social issue and devising newer and better solutions for it. Criminology, the main 

discipline specialized in researching crime, is a vast field of study, interacting and partially 

overlapping with other fields such as sociology, psychology, anthropology, law, biology, 

architecture, statistics, and geography, the last one the focus of this research. As such, 

explanations of why crime happens — as well as how to prevent it, etc. — are many not only 

in number but also in nature. 

The geographical aspect of crime has been recognized since at least the 19th century 

(Guerry, 1833; Quetelet, 1842), but the area1 continues to experience much development, 

taking advantage of new tools such as GIS and enhanced computing power, as well as new 

analytical techniques (e.g. spatial statistics) that are now more feasible to be applied with 

advances in computational processing power. Yet, there are still many challenges and 

potential for further research. 

 The fundamental guiding principle in spatial crime analysis is that location matters. 

Crime is not randomly distributed in space, but is concentrated at specific locations — for 

instance, in one of the earliest studies to notice such concentration of crime at places, 

Sherman, Gartin and Buerger (1898) found that 50% of all crime calls to the police were 

                                                
1 Different names have been given to the study of crime from a geographical perspective. 
Spatial crime analysis, environmental criminology, ecological criminology, geography of 
crime and criminology of place are some of the terms that have been used in the past. In this 
dissertation, the specific differences between these terms will not be explored, but spatial 
crime analysis will be the preferred term, unless noted otherwise. 
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concentrated at only 3.5% of addresses in the city of Minneapolis. Moreover, these spatial 

patterns are often stable or periodic in time, suggesting that crime is not uniformly distributed 

in a city, but chronic to certain specific places. The reasons for such a concentration of crime 

at places is still a matter of debate, some hypotheses being the socio-economic status of 

neighborhoods, presence of facilities like shops and bus-stops, or the routine patterns of 

different streets and regions. More details on these different theoretical models will be given 

later in this dissertation. There is, however, a general consensus that crime clusters, and often 

to a high degree. This realization has been useful not only for investigating causes that 

explain crime and its spatial concentration, but also for planning solutions and targeting 

resources, being an important aid for evidence-based policing strategies. Hotspot policing is 

likely the most direct example of the applicability of spatial crime analysis, in which police 

patrols are targeted to specific locations and times (hotspots) in which crime has been 

observed to concentrate (Braga & Bond, 2008; Braga et al., 1999; Sherman & Weisburd, 

1995; Weisburd & Green, 1995). The rationale is that, since crime is not present everywhere 

at all times, policing will be more effective and efficient if focused at these specific hotspots. 

Another direct use of spatial crime analysis for fighting crime is geographic profiling, in 

which the analysis of crime clusters is used to estimate where an offender’s home or work is 

located (Rossmo,1999; Chainey & Ratcliffe, 2013). Spatial crime analysis can also be used to 

guide problem-oriented policing strategies by mapping and identifying regions of higher 

crime concentration (Chainey & Ratcliffe, 2013), and finally, crime mapping can be used 

within the framework of community policing as a tool to better inform and engage the local 

population on crime problems2 (Chainey & Ratcliffe, 2013). 

                                                
2 Some negative aspects of crime mapping have also been raised, in particular within the 
community policing framework. One of the most preeminent issues debated is that of 
labeling communities as dangerous or crime-ridden, as well as the various consequences 
arising from (e.g. effects on real-estate value, see Ratcliffe, 2002)  
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1.2 Explaining the geography of crime – Main theoretical approaches 

Why is crime concentrated in certain places? This subsection presents an overview of 

the main mechanisms proposed to explain crime at places. As mentioned earlier, there are 

multiple theories3 to explain why specific locations have more crime (or less) than others. 

These theories often involve multiple factors, social or physical, with varying degrees of 

similarity between theories; in fact, many of these theories are refinements or combinations 

or earlier ones. As such, to better structure and simplify the analysis of what explain crimes at 

places, these multiple theories have been grouped here in five distinct explanatory 

components4 (which will simply be referred as explanations from here on): (1) control & 

disorder, (2) opportunity & choice, (3) activity & awareness, (4) environment & defense, and 

(5) inequality & exposure. These explanations are described in the following paragraphs5. 

 

1.2.1 Control & disorder explanation 

The control & disorder explanation states that crime is concentrated where 

communities are more disorganized and with less social cohesion. This explanation has its 

first roots in Social Disorganization theory (Shaw & McKay, 1942), in which it is argued that 

                                                
3 Traditionally, most of these theories have examined the geography of crime at a within-city 
scale; while there are studies focusing on broader scales such as comparing cities or 
countries, we will focus on the within-city scale, which is also the scale for the case study 
examined in this dissertation. 
4 The term component is used here to indicate that each of these explanations are sufficiently 
distinct from each, yet they are potentially complimentary in that a given spatial pattern of 
crime could be the result of a combination of each of these components. 
5 It should be stressed out that this grouping of theories in mechanisms is done here for 
analytical purposes, and not due historical connections (although these often exist). As such, 
this description should not be interpreted as a historical account of criminological theories, 
and other texts would be more recommended for that purpose, such as Brantingham & 
Brantingham (1984), Henry & Einstadter (1998), and Cullen et al. (2006). 
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the lack of social cohesion in a community prevents it from exerting an informal control that 

would deter disorderly behavior and ultimately crime. In this framework, high residential 

turn-over, ethnic heterogeneity, and poverty are thought to be significant factors leading to 

disorganization: high residential turn-over would prevent lasting social bonds from forming, 

while ethnic heterogeneity (in particular if groups speaking different languages are present) 

would create barriers for social interaction6. Poverty would have a dual role: residents would 

be less compelled to stay in a poor community, impairing the forming of social bonds, and 

money would also be less available to fund important social institutions such as schools and 

churches. This approach was further refined by what is called Collective Efficacy theory 

(Sampson et al., 1997), in which the role of community bonds was more explicitly modelled 

and tested as a control mechanism for crime rates. 

Another theory also providing a type of control and disorder explanation is the 

Broken Windows theory (Wilson & Kelling, 1982). In Broken Windows, it is argued that 

minor physical deterioration (e.g. broken windows, abandoned cars) and leniency towards 

small misconducts would be perceived as a lack of control and surveillance (either official or 

informal), leading to a downward spiral towards crime. While there are some different 

                                                
6 It is important to highlight that this effect of ethnic heterogeneity is particularly dependent 
on cultural aspects and the very definitions of race or ethnicity used — for instance, this 
alleged link was originally applied to American cities in the 1930’s. Contrasting with that, 
Brazil, the study region of this research, features a high ethnic heterogeneity, due to its 
history of having an indigenous population, Portuguese colonization, African slavery, and 
immigration from Europe and Middle East and East Asia in the 19th and 20th centuries. This 
ethnic heterogeneity, however, is accompanied by a significant degree of miscegenation, with 
the average Brazilian often having a mixed ethnic background to some extent. As such, the 
mechanism of ethnic heterogeneity leading to social disorganization seems ill suited to be 
applied to contemporary Brazil – in particular because the concepts of ethnicity are not the 
same. Finally, while there are still significant problems of racial inequality and racism in 
Brazil (mostly against Brazilians identified as Black) which could justify some type of social 
disorganization mechanism related to ethnic heterogeneity, overall this connection between 
ethnic heterogeneity and disorganization seems incompatible to the Brazilian context, and 
was thus not considered throughout this study (see Telles, 2004 for a detailed discussion 
about race in Brazil).   
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nuances in each of these models—with the Broken Windows approach, for instance, putting 

more emphasis on police action and physical deterioration—explanations in this group argue 

that crime at places is ultimately a result of social causes. Physical elements can play a role, 

but always related to a social mechanism — control and surveillance (or the perception of it), 

which is dependent on social cohesion. Social variables are key in this type of explanation; 

however, socioeconomic status and demographic factors are relevant only insomuch as they 

interfere with a community’s capabilities to self-regulate and prevent crime, but they are not 

posited to actively induce or attract criminal intent. Ultimately, it is a social-cohesion 

explanation of deterrence; not so much what causes crime at places, but what allows it to 

thrive. 

 

1.2.2 Opportunity & choice explanation 

In the opportunity and choice explanation, crime would be concentrated at places that 

offer more gain for the offender at a lower risk. As such, the spatial distribution of crime 

would be a reflection of the distribution of opportunities for a specific type of crime, 

implying that different types of crime would feature different spatial patterns (contrast this 

with the control and disorder explanation, for instance). Furthermore, offenders and the 

decision to offend are modeled in terms of rational choice. 

Three theories can be featured as the most representative for this explanation: optimal 

foraging theory, rational choice theory, and the economic theory of crime. Optimal foraging 

theory originates from behavioral ecology, modeling how predators select their prey in terms 

of maximizing gains and minimizing risks and time spent searching for targets (Pyke 1984). 

One important detail of this model is that foragers will concentrate their foraging on patches 

(i.e. areas, groups of targets) instead on individual targets, under the rationale that suitable 

targets tend to be close together and repeated individual searches would cost more (in time 
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and energy). This theoretical approach has then been applied to modeling how offenders 

select their targets (Bernasco, 2009; Johnson, 2014). Similarly, in Rational Choice theory 

(Clarke & Cornish, 1985), the criminal act is modeled as a rational decision-making process 

involving multiple steps and scales, such as the decision to commit a crime and choosing a 

target. Multiple factors are included in this framework, including the offender’s social 

background, current socio-economic situation and lifestyle, as well as potential gains, the 

presence of policing and access to the target. Finally, the Economic Theory of Crime 

(Becker, 1968; Ehrlich, 1973) models crime as a utility function, with potential gains and 

losses expected from the criminal act being terms in a single economic equation. 

As such, these theories share many of the same basic principles, with the main 

difference being in the specific modeling techniques used, as well as the empirical studies 

conducted to test each theory (for further comparisons between these models, see Bernasco, 

2009). Both social and physical factors are potentially relevant, in as much as they affect 

considerations of gain and risk for committing a crime at a place. Finally, this type of 

explanation not only assumes an offender guided primarily by rational decision making, but 

also implies that offenders would specialize in specific types of crime: if suitable targets for a 

given type of crime tend to be clustered, that is not necessarily the case between targets of 

different types of crime; therefore, since selecting new targets has a cost (e.g. time, money), it 

would be more economical to focus on one specific type. 

A limitation of this type of explanation, however, is that it is ill-suited to explain 

crimes that feature no obvious gain and might have been a result of emotion-driven reasons 

instead of more rational decision making. As such, optimal foraging explanations might be 

plausible for property crimes like burglary or theft, but less so for crimes such as non-

premeditated murder or assault.  
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1.2.3 Activity & awareness  

According to the activity and awareness explanation, crime concentration at places is 

primarily a reflection of flows of people and human activity, most of which are guided by 

routine patterns and urban structure. This line of explanation originated from the Routine 

Activities Theory (Cohen & Felson, 1979), in which the basic principle is that, for a crime to 

happen, two elements must be present at the same place and time — a motivated offender, 

and a suitable target — and one must be absent — a capable guardian. Therefore, places with 

a greater convergence of offenders and targets, but with few guardians, will have more crime. 

Following the same line, Crime Pattern theory (Brantingham & Brantingham, 1993) added a 

more explicit geographical model to it: the geography of crime is a reflection of the 

geography of activity and awareness spaces of individuals (offenders, victims, guardians), 

which are dependent on anchor points such as home, work, and leisure locations, as well as 

the paths connecting those. Similar principles are used in the Geographic Profiling (also 

referred to as the Journey to Crime model), in which the observed distribution of crimes is 

used to infer the home (or work) location of an offender (Rossmo, 1999) 

 Common to all of these theories is the key idea that spatial patterns of crime are 

shaped by anchor points of offender, victim and guardian. As such, crime is implied to be 

mostly casual and opportunistic—a product of “systematic coincidence”, as described by 

Bernasco (2009)—routine playing a greater role in target selection that optimize gains. One 

limitation for analysis, however, is the ambiguity in whether elements like bus stops would 

increase crime (more people, therefore more potential offenders and more targets for some 

types of crime), or decrease crime (more people, therefore more guardians). 
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1.2.4 Environment & defense 

The environment and defense explanation stipulates that both built and natural 

environmental conditions regulate crime and explain its spatial distribution. The specific 

conditions are many and diverse, including adequate lighting, time of the day and weather, 

streets and buildings designed to control access and having windows facing the streets to 

increase informal surveillance. 

This line of explanation has its origin from Defensible Space Theory (Newman, 1973) 

and Crime Prevention through Environmental Design (Jeffery, 1971), in which both 

examined the role of physical features in controlling crime, and the approach is still popular 

today, including as a guide for planning strategies to counter crime (Cozens, 2008; Clarke, 

2008). As such, regardless of its effectiveness in explaining crime distribution and preventing 

crime, the environment and defense explanation has had a noticeable impact in the urban 

form of some cities, including increased use of walls and other physical barriers (Caldeira, 

2000 and the emergence and proliferation of gated neighborhoods (Borsdorf et al, 2007). 

 

1.2.5 Inequality & exposure 

The inequality and exposure explanation posits that places with greater 

socioeconomic inequality would feature greater crime rates. At least three theories can be 

cited as providing support to this explanation: Strain Theory (Merton, 1938), Relative 

Deprivation Theory (Eberts & Schwirian, 1967), and the Economic Theory of Crime 

(Becker, 1968; Ehrlich, 1973)7. According to the Strain Theory, individuals at the lower end 

                                                
7 Critical Criminology can also be cited, although the connection is more complex. In short, 
Critical Criminology has highlighted the relationship between of crime and class, often 
explaining crime committed by the more subordinate classes as a result or reaction against 
systemic oppression (typically from a capitalist system). While class (and class conflict) 
cannot be reduced to income differences, income is nevertheless a significant aspect, and 
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of an unequal society would be more subjected to psychological strain from the perceived 

injustice, crime being then a reaction to such tension. Moreover, individuals at the upper end 

of this unequal society would be perceived to be unfairly benefitted, being more often the 

targets of crime. Relative Deprivation Theory, though independently proposed, is virtual 

identical to Strain Theory. Finally, in the Economic Theory of crime, inequality leads to more 

crime by affecting two sides of the system; on one hand, poverty would be an incentive to 

crime as mean for economic relief, while the presence of wealth would provide pool of goods 

to be stolen. Crime, therefore, is modeled as a rational decision based on cost and gains, 

contrasting with the psycho-emotional model from Strain Theory and Relative Deprivation 

Theory. Despite this difference in nature, the effect in the end is the same. 

The inequality and exposure explanation has more often been tested for large spatial 

units—for instance, comparing cities or countries (see for instance Coccia, 2017a; Coccia, 

2017b; Enamorado, 2016; Kennedy et al., 1998; Brush, 2007; Doyle et al., 1999; Stack, 

1984; Fajnzylber et al., 2002; Choe, 2008). Its application to within-city analysis has been 

done in only a few cases (Wang & Arnold, 2008; Hipp, 2007; Hipp et al., 2009), but not only 

is there necessity for greater confirmation with new studies, but these studies have some 

limitations that allow further refinement (these matters are discussed in more detail in 

Chapter 4, Literature Review). On a first examination, the hypothesis that inequality would 

explain the observed geography of crime in a city is not an unreasonable one. Greater 

proximity between poor and rich would boost the interactions expected to lead to crime (e.g. 

“strain”), following a distance decay effect that is supported by criminological literature such 

as Routine Activities (Cohen & Felson, 1979) and Crime Pattern (Brantingham & 

Brantingham, 1993) theories. Therefore, neighborhoods containing more diversity of income 

                                                
therefore, Critical Criminology can also be considered to support the inequality & exposure 
explanation (Cullen & Agnew, 2006, p. 294-346).  
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groups would have greater “strain”, and more crime—according to this theoretical view). 

However, it is yet unclear whether income inequality has indeed any significance in 

explaining the geography of crime in cities.8 

 

1.2.6 Summary and comparison of the explanations 

All of the approaches described here, while significantly distinct from each other, are 

at least in principle plausible explanations for crime concentration at places. Moreover, they 

are not conflicting with each other, in the sense that each of these explanations could 

theoretically coexist in determining spatial patterns of crime. The question, though, is which 

of these explanations more consistently explains an observed spatial pattern of crime for a 

specific case? 

 Answering this type of question requires quantitative analysis of crime data to select 

and rank, among these plausible explanations, those that are most consistent with the 

empirical evidence. However, although these theories have often been tested against 

empirical evidence, it is not possible so far to generalize their applicability to any case, and it 

is possible and plausible that an explanation will be fit for a specific case (e.g. Social 

disorganization explaining violent crimes in Chicago), but not effective for others (e.g. 

residential burglary in Belo Horizonte). Therefore, a quantitative empirical analysis and 

comparison of potential explanations has to be conducted for the specific case being studied 

(e.g.  compare the consistency of different theories in explaining the specific case of 

residential burglaries in Belo Horizonte). 

                                                
8 It is worth mentioning that, whether or not income inequality has any direct effect on the 
spatial distribution of crime within cities, belief in such an explanation can have significant 
impact in urban form, leading to different forms of spatial and social segregation (or self-
segregation). Caldeira (2000) provides an extensive account of such a case for the city of São 
Paulo.  
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 Such a type of analysis requires the mapping of crime and a series of potential 

explanatory factors, as well as the estimation of correlates. There are, however, significant 

methodological challenges in this task that can hinder the reliability of this type of analysis. 

Some of these challenges are described in the following section. 

 

1.3 Explaining the geography of crime III – Methodological 

challenges 

Any analysis on the geography of crime and its determinants requires reliable 

mapping of crime and of the potential factors that influence it. This, however, is not a trivial 

matter. An example is the Modifiable Areal Unit Problem (MAUP), in which changing the 

units of analysis used to investigate the same study region can provide significantly different 

results (O’Sullivan & Unwin, 2014, p. 30). Another issue, related to MAUP, is the Ecological 

Fallacy, which states that observations based on aggregated units cannot always be used to 

infer properties of the individuals belonging to a specific unit (O’Sullivan & Unwin, 2014, p. 

32). 

In addition to these fairly known challenges in mapping, there are other ones that are 

as relevant, but have received relatively less attention. For instance, choice of granularity in 

mapping affects the robustness of mapped crime rates. A current strategy used by some crime 

researchers to counter the issues of the Ecological Fallacy has been to use very fine units 

such as street segments and blocks to count and map crime (Weisburd et al. 2004; Groff et 

al., 2009; Oberwittler & Wikström, 2009; Weisburd et al., 2012; Weisburd, 2015; Gerrel, 

2017). At this very fine level, however, few (if any) crime events will fall within any given 

areal unit, with estimated crime rates becoming very sensitive to fluctuations originated 

either from measurement error or natural variability. There is, then, a tradeoff between 
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selecting coarser or finer units for counting crime, a tradeoff that has seldom been considered 

in crime mapping; Chapter 2 is dedicated to examining this relation and providing a criterion 

for deciding on a granularity. 

Issues of scale and error appear also in a different task important to crime mapping: 

calculating standardized rates, as in the rate of murders per 100,000 people or the rate of 

burglaries per residence. One typical way of calculating these standardized rates is by simply 

dividing crime counts by the size of its reference population. Determining what is an 

adequate reference population is not a simple problem, and inadequate choices can insert 

error and bias in the resulting standardized rates. If very fine areal units are being used, this 

issue is amplified, often leading to very high standardized crime rates in areas with very 

small populations. In summary, mapping crime is not a trivial task, and there are different 

potential issues that may lead to unreliable crime maps with spurious hotspots. This in turn 

could misguide policy. This issue is examined in Chapter 3, which also proposes a solution to 

the problem. 

Similar issues of reliability of measurement and inference should be considered when 

analyzing which variables best explain an observed crime distribution. One example, which 

is specifically tackled in Chapter 4, is how much income inequality explains the distribution 

of residential burglary in at city. Although sometimes the relation between crime and income 

inequality is taken for granted, in academia the subject is still controversial, with many 

studies showing conflicting results. Part of this can be attributed to the manifold nature of 

both crime and income inequality. Different types of crime often present radically different 

spatial patterns, and these patterns are also sensitive to choices of granularity and of whether 

(and how) standardized rates by population are used. Income inequality, on the other hand, 

not only has multiple facets (often being conflated with poverty and segregation), but is also 

sensitive to choices of granularity. If, in addition to those difficulties, issues of error and bias 
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are included, it is easy to see how not paying attention to these methodological challenges 

could lead to unreliable or misguided conclusions. Chapter 4 is focused on developing an 

improved framework to test whether income inequality (measured in terms of local income 

level and the exposure to poverty) has any effect on local crime rates.  

Each of these methodological challenges are tackled in the following chapters, 

respectively Chapters 2, 3 and 4, including an application of the methods developed to the 

case of residential burglaries in the city of Belo Horizonte, Brazil. An overview of this study 

region and the reason for it being chosen is given in the next section. 

  

1.4 Study area – Belo Horizonte 

 Belo Horizonte, the capital of the state of Minas Gerais, is a city located in the South-

East region of Brazil, being 691 km from São Paulo, 341 km from Rio de Janeiro and 621 km 

from Brasília. With an estimated metropolitan population of 5.9 million in 2018 (IBGE, 

2018) and 2.5 million for the municipality, it is the third largest metropolitan area in Brazil, 

after São Paulo and Rio de Janeiro, and the sixth largest municipality. The population of Belo 

Horizonte typically lives in either residential apartments or houses. Houses are often 

detached or semi-attached, with an encircling wall or fence, including at the front of the 

house (Chainey & Silva, 2016). One exception to that trend are houses in gated 

neighborhoods (condomínios fechados); however, not only are these a small minority overall, 

but they are also mostly located in the metropolitan area surrounding the city proper of Belo 

Horizonte (Cerqueira, 2017), a region which was not considered in this study. Apartments are 

located in high rise buildings that are usually detached and gated, often having a doorman. 

Approximately 30% of the population of Belo Horizonte lives in these residential apartments 

(Chainey & Silva, 2016). Also, approximately 10% of the population in Belo Horizonte lives 
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in favelas (slums). Residences in these informal settlements vary in quality, ranging from 

improvised shacks to brick-and-mortar constructions; in general, though, they can be 

classified as houses instead of apartments or some other type of residence. However, since 

these are often irregular residential areas, residences in favelas are often not listed in the real-

estate registry used in this study. While this could be a source of bias for this study, 

ethnographic studies (Lima, 2011; Zilli, 2015) have indicated that property crimes (e.g. 

burglary) are not particularly frequent in favelas, with most crimes being violent crimes 

(homicides) or drug-related crimes, an observation that is supported by the reported 

burglaries data used in this study. As such, it seems safe to considerer this potential bias to be 

minimal.  

Several reasons led to the choice of Belo Horizonte as a study region. Brazil is usually 

ranked among the countries with the highest indices of urban violence and crime9, being also 

considered one of the most unequal countries in terms of income distribution; these two 

factors are often seen as being connected. These characteristics highlight the importance of 

choosing Brazil as region to study crime (and its relation to socioeconomic factors). Within, 

this context, Belo Horizonte features as a good representative of urban living in Brazil 

(Chainey & Silva, 2016). Urban crime tends to be more concentrated in larger cities, and 

Belo Horizonte is Brazil’s third largest (in terms of metropolitan area). Its demographic 

profile reflects more closely that of Brazil as a whole (contrasting with cities such as Curitiba 

or Salvador), and its urban form is more typical of other large cities in Brazil (e.g. Campinas, 

                                                
9 It is important to notice that these indices are usually based on violent crime such as 

homicide, which are not necessarily a good representative of other types of crime (including 
burglary). In fact, burglary rates in Belo Horizonte have been considered to be relatively low, 
even when comparing to developed countries (Chainey & Silva, 2016). Nevertheless, crime 
in general is considered (and perceived by the population) as a significant problem in Brazil 
(CRISP/Datafolha/Ministério da Justiça, 2011).  
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Goiania, Curitiba) than cities like Rio de Janeiro or Brasília. Finally, the availability of 

geocoded crime reports for the city of Belo Horizonte was another important factor in 

deciding on the study region. 
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Chapter 2  Granularity choice —  is finer necessarily 

better? 

 

2.1 Introduction 

 Crime mapping is a valuable tool: knowing where crime is more frequent not only 

leads to a more effective and efficient deployment of police forces and other public policies, 

but it can also lead to more accurate models and theories through which the underlying 

causes can be examined and better understood. The question of where crime takes place, 

however, implies a definition of “where”. Should crimes be counted and analyzed per police 

district, or should we use neighborhoods, census tracts, street blocks, or some other unit? 

Does it really matter? Current scientific consensus is that it does. 

The problem of determining an adequate unit of analysis is well-known within 

Geography, Spatial Analysis and correlated fields of research. The Modifiable Areal Unit 

Problem (MAUP), possibly the most famous instance of this challenge, states that inferences 

and models can be significantly affected by the set of geographical units being used, 

sometimes to the point of opposite conclusions being possible depending on the areal units 

employed – redistricting and the problem of gerrymandering is a good real-world example 

(Wong, 2009; Menon, 2012; Chen & Cottrell, 2016). Another famous rendition, and partially 

related to the MAUP, is the Ecological Fallacy, corresponding to the improper attribution of 

properties to individuals based on the properties of the groups over which these individuals 

were aggregated. 

There is currently a movement within criminology towards analyzing crime at finer 

granularities (e.g. street segments, street blocks) as opposed to coarser units such as 
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neighborhoods and census tracts (Weisburd et al. 2004; Groff et al., 2009; Oberwittler & 

Wikström, 2009; Weisburd et al., 2012; Weisburd, 2015; Gerrel, 2017). The common 

reasoning is based on the empirical observation that crime is extremely concentrated in a 

small percentage of those units, and that aggregating to coarser units would mask this 

clustering of crime at specific micro-places. Sherman et al. (1989) is considered to have 

sparked the interest in analyzing crime at micro-units. The authors pointed out that “just over 

half (50.4%) of all calls to the police for which cars were dispatched went to a mere 3.3% of 

all addresses and intersection” – a pattern known as Zipf’s law or the Pareto distribution 

(Newman, 2007; Eck et al., 2007; Furtado et al. 2009; Weisburd, 2015). This phenomenon 

has also been observed in a range of other social and physical phenomena. Another key 

driver of this movement towards analyzing crime at the street segment level is the work of 

Weisburd et al. (2004; 2012). Their thorough analysis of spatial-temporal crime patterns in 

Seattle has provided solid evidence for the presence of clustering at the street segment level 

in that city. Their observations have been reproduced by other researchers (Groff et al., 2009; 

Braga et al. 2011; Curman et al. 2015), and more recently, Weisburd (2015) has argued for a 

“law of crime concentration”, stating that, “for a defined measure of crime at a specific 

microgeographic unit, the concentration of crime will fall within a narrow bandwidth of 

percentages for a defined cumulative proportion of crime.” While not explicitly specified in 

the law, this microgeographic unit has been usually assumed to be individual street segments 

(Weisburd et al. 2012). Alternatively, but in a similar line, some authors have proposed that 

spatial analysis of crime should be done at the finest geographical unit available (Oberwittler 

& Wikström, 2009; Gerrel, 2017). Empirical evidence of the effectiveness of this paradigm 

(often known as “hotspot policing”) for crime prevention has been found (Sherman, Gartin 

and Buerger, 1989), indicating not only that police presence at the right place and time can 

reduce crime, but that these places and times correspond to a very small proportion of the 
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total environment, allowing for a more efficient use of resources. However, our present study 

raises some issues that go against some of these commonly held principles of Criminology of 

Place, pointing towards a more nuanced approach to how these microgeographic locations 

are defined and its implications to crime prevention.  

After analyzing crime patterns in the city of Belo Horizonte, Brazil, we have found 

evidence that contradicts that crime has a necessarily distinctive concentration at the street 

segment granularity, and that finer geographic units are better for analyzing spatial crime 

patterns. Furthermore, we analyze how some arguments in favor of street segments have been 

improperly used, and some potential problems overlooked. Thus, we propose that a more 

careful analysis should be conducted with any dataset being used before deciding on a 

specific spatial granularity. In addition, we believe that the law of crime concentrations 

proposed by Weisburd (2015) might need to be revised in light of the issues brought up by 

our study. 

First, it is partly a geometrical fact that only few micro-locations will contain most of 

a set of points (be the crimes or any other event), if we make these micro-locations small 

enough. For instance, if 500 crimes were to be distributed over 5000 locations, at most only 

10% these locations would have any crime at all, and that would be a case were crime is not 

even randomly distributed, but overly dispersed – the opposite of highly clustered. The 

matter, of course, is whether there is a concentration greater than what could be expected by 

sheer chance – and indeed, authors such as Sherman et al. (1989) and Weisburd et al. (2012) 

have taken that into consideration. 

Even if a statistically significant concentration of crimes at a few micro units is 

detected, however, that by itself does not mean that such granularity is the most appropriate 

for analyzing crime. Crime might be overly concentrated in a few segments, but these 

segments could be clustered or connected in space (e.g. downtown). In such a hypothetical 
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situation, the overconcentration would exist if all segments in the city were considered; 

however, if only downtown were to be considered, the concentration would be that expected 

by chance. In such a case, thus, using broader units such as neighborhoods would be 

justifiable. This consideration was analyzed by Weisburd et al. (2012), who found that these 

hotspots at street segments are not consistently close in space. Yet, this does not have to be 

necessarily the case in other cities or for all types of crime, and for the crime dataset used in 

this research, the evidence points in the opposite direction, as shall be demonstrated. 

To sum up, it is possible that a statistically significant concentration of crime 

observed at the street segment level is in fact the result of a concentration at a broader scale, 

which is being inflated by tabulating it at a finer scale. Nevertheless, statements like “50% of 

crime is concentrated in only 15% of segments” – what has been called an “implosion of 

criminality” (Beato, 2012) – frequently appears as one of the prime arguments in favor of 

using micro-units. 

One could argue that there is no harm in having too much resolution. That is not the 

case though: choosing too fine of a resolution can lead to less robust measurements of crime 

incidence. Random fluctuations in crime counts are expected to occur naturally, as in any 

probabilistic event. For larger sample sizes, which can be obtained by increasing either or 

both the temporal or spatial window considered, these variations can be averaged out; if that 

is not the case, however, two different locations with the same crime risk could feature quite 

different crime counts. Considering that crime data is in many cases limited – especially in 

countries with less of a tradition in maintaining or releasing geocoded crime data – this factor 

is most relevant. Another practical implication of incorrectly specifying the granularity for 

counting crime rates is that too fine a granularity could lead to unstable hotspots that change 

through time – despite stable patterns existing at broader scales – which could lead to 

ineffective police deployment (Andresen and Malleson, 2011). 
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   What, then, is the appropriate granularity at which to map and analyze crime in a 

city? Our assessment is that it ultimately depends on the data. Ideally, we would like crime 

rates per areal units to accurately represent rates from the real word. This has two aspects: 

first, we would like the rates calculated to be the same at all places within the areal unit 

(internal uniformity); second, we would like that this rate to be a good estimate of the actual 

crime rate (robustness to error). The problem is that, if we adjust our granularity in order to 

improve internal uniformity, robustness to error does not necessarily improve as well, and 

vice-versa. In fact, as will be shown in the Results section, we observed the opposite in our 

study: internal uniformity tends to increase as we move towards finer granularities, while 

robustness to error tends to decrease –the reverse being the case as we move towards coarser 

granularities. 

In this paper, a method is proposed for finding a granularity that provides a balance 

between internal uniformity and robustness to error. This method is applied to burglaries, 

street robberies and homicides in the city of Belo Horizonte, Brazil, in order to estimate the 

best granularity of data aggregation for each type of crime. These granularities are then 

compared to each other and to granularities traditionally used in spatial studies of crime, like 

neighborhoods, street segments and census units. Finally, we discuss the implications of 

these results to spatial crime theory (in particular, to the law of crime concentrations 

proposed by Weisburd, 2015), and to policy making and policing. 

This paper is organized as follows. In the Background section, previous work related 

to the problem of determining an appropriate geographical unit of analysis is discussed, with 

a focus on spatial analysis of crime. Metrics for estimating internal uniformity and robustness 

to error are described in the Methodology section, as well as the criteria for establishing the 

granularity that provides the best tradeoff between the two factors. The Data section 

describes the dataset used for testing the methodology, and the Study Area describes the city 
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of Belo Horizonte, Brazil, from which the data originated. The results of the application of 

the methodology over the chosen dataset are shown in the Results chapter, and in the 

Discussion chapter, practical and theoretical implications of these results are discussed. 

Finally, the Conclusion chapter sums up our findings and the contributions of this paper. 

 

2.2 Background 

 This section outlines the past research and key ideas related to the problem of 

choosing an appropriate geographical unit of analysis, with a focus on spatial analysis of 

crime. We start by discussing key contributions and concepts related to spatial granularity, 

uniformity and robustness to error in Geography; then, we move towards Spatial 

Criminology, outlining some key developments in the theories of where crime is 

concentrated, as well as how issues of granularity, uniformity and robustness to error are 

related to them. 

 

2.2.1 Granularity  

Issues involving granularity are a staple in Geography and related disciplines. 

Probably the most famous among them, the Modifiable Areal Unit Problem (MAUP) refers 

to models and inferences yielding different results when changing the shape and/or the size of 

the units used to sample the same study region (O’Sullivan & Unwin, 2014, p. 30). If these 

units are arbitrarily chosen, this effect can be considered quite problematic, since the results 

will be partially dependent on the units. However, in some cases, the scope of the work might 

predetermine the unit to be analyzed. For instance, if the study is interested in examining and 

comparing rates of victimization and arrest between police districts, then the unit of analysis 

can be chosen in a more straightforward way. 
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 Another difficulty related to granularity is known as the Ecological Fallacy 

(O’Sullivan & Unwin, 2014, p. 32). If inferences about individuals are to be made based on 

group characteristics, then a poorly specified granularity can lead to the Ecological Fallacy, 

when aggregate indicators do not faithfully represent individual characteristics within the 

group. Additionally, correlations observed among variables at the aggregated level might not 

hold at finer granularities. For instance, if an area has a great number of poor and rich 

families, but a low number of middle income families, then the mean income of a region will 

be a bad indicator of that region’s socioeconomic situation (unless other indicators such as 

income inequality, or even income variance, are used). Another example is if crime incidence 

is calculated for a whole neighborhood when certain locations have much more crime than 

others: the aggregated crime incidence will be a poor reflection of actual safety within 

different parts of the neighborhood. As can be seen from these examples, these problems are 

related to uniformity of attributes within areal units (and the absence of it), a concept 

explored in the next subsection. 

 

2.2.2 Uniformity and regionalization 

In Geography, uniformity is closely related to the concept of the region. William 

Bunge, in his book Theoretical Geography (Bunge, 1966), refers to a uniform region as an 

areal unit that can be identified by one or more characteristics which are considered to be 

equally present within the whole area (homogeneity), while differentiating it from other areal 

units. Therefore, as Bunge later pointed out, a good regionalization map defines regional 

boundaries so as to minimize variability of characteristics within each region while 

maximizing the variability between regions. A poor regionalization, on the other hand, would 

lead to the problems of the Ecological Fallacy, with regional attributes failing to accurately 

represent the characteristics of smaller areas within each region. 
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Multiple methods have been proposed for generating regionalization maps; some 

examples can be seen in Openshaw (1977), Assunção et al. (2006), and Duque et al. (2012). 

While these methods differ in some aspects, they all build up their regionalization maps by 

aggregating finer basic areal units into coarser regional units, according to the contiguity of 

the basic units and the similarity of their attributes. Therefore, these methods assume that: (1) 

a set of micro-areal units is available; (2) their attributes are reliable. These assumptions do 

not hold when aggregating point distributions like crimes. First, the initial data is point based 

instead of being in areal units. Second, even if the point data were aggregated into some fine 

areal unit, so that a regionalization could be built from that, there would still be problems. 

Due to the discrete nature of point distributions, aggregating to very fine units may lead to a 

situation where many units will contain no points at all, and the few that have will probably 

be surrounded by units with zero points. In such a case, should a unit that has no points be 

considered different from a contiguous one that has points? How reliable is the point count in 

such micro-units for the purposes of evaluating similarity? If a coarser unit is to be chosen, 

then how coarse can it be without interfering too much with the regionalization algorithm? 

We are back to the original problem of choosing an appropriate unit of analysis for 

aggregating point data; to the best of our knowledge, this problem has not yet been solved. 

 

2.2.3 Robustness to error. 

While less discussed in the methodology of regionalization, robustness to error is a 

key aspect of another important method in geographical analysis: kernel density estimation 

(KDE). KDE is a method for estimating density distributions from a finite set of values, 

yielding smoother and often better estimates than simpler methods like histograms and 

quadrat counts (Silverman, 1986). In the case of point patterns, KDE is used to calculate the 

point density at a location by taking a weighted average of the set of points within a certain 
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distance range. This range is determined by a bandwidth parameter, which has to be 

specified: a wider range will lead to smoother density maps, filtering out potential noise but 

possibly hiding finer interesting details; on the other hand, a shorter range will not hide small 

variations, but will also be more susceptible to random fluctuations. Figure 2-1 illustrates a 

case were KDE is used to estimate the density of a set of values generated from a Normal 

distribution; the best bandwidth in this case is the one that more closely reproduces the 

original Normal distribution. 

Choosing the best bandwidth has, therefore, often been approached as striking a good 

balance between detail and robustness to error. If the underlying probability distribution of 

the point pattern is known, noise can be calculated as the error between the estimated 

probability density and the original. However, since the underlying probability distribution is 

often unknown, assumptions are made, resulting in many different approaches for selecting 

the bandwidth (Silverman, 1968, p. 43). For instance, Silverman’s rule of thumb, one of the 

most commonly used approaches (and the basis of the method used in ArcGIS’s KDE tool; 

see ESRI, 2017), assumes that the set of values (point counts, in our case) over which it is 

being applied is Normally distributed. For crime patterns, however, this assumption is at best 

simplistic, if not altogether implausible. 
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Figure 2-1- Effects of changing the bandwidth in kernel density estimation 

Nevertheless, the principle that increasing the range leads to greater robustness to 

error is a valuable one, suggesting that while there are good reasons to use finer granularities 

(as discussed in the previous subsection), there are also valid reasons for adopting a broader 

one, indicating that multiple factors should be considered for deciding on a particular 

granularity, including uniformity, robustness and other practical considerations (e.g. we 

might not want our granularity to be broader than census tracts if policy decisions are to be 

taken at the census tract level). These matters are better discussed along the rest of the paper.  

 

2.2.4 Issues of granularity, uniformity and robustness in Spatial Criminology. 

Interest in studying crime from a spatial or geographical perspective has varied 

through time, but it is only fairly recently that considerations of granularity, uniformity and 

robustness in spatial analysis of crime have started to attract the attention of researchers. The 

effects of granularity over observed crime patterns was studied as early as 1976 by 

Brantingham et al. (1976); in addition, an interest in analyzing crime at micro-geographic 
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units was sparked by the work of Sherman et al.(1989), who observed that only 3% of all 

addresses accounted for half of the police calls. However, it is from the year 2000 onwards 

that a more systematic approach has been taken to data granularity in crime analysis, 

particularly concerning the comparative advantages of analyzing crime with micro-

geographic units such as street-segments versus other traditional units such as neighborhoods 

or census units. 

The main drivers of this effort can be found in the work of Weisburd et al. (2004; 

2012; 2015), as well as Eck and Weisburd (1995) and this line of research has come to be 

known as Criminology of Place. In Weisburd et al. 2004 and 2012, the authors examined the 

distribution of crimes per street segment in Seattle from 1989 through 2002, observing a 

significant concentration at a few segments which persisted through time. Based on this 

evidence, and other studies that presented similar observations (Groff et al., 2009; Braga et 

al. 2011; Curman et al. 2015), Weisburd (2015) proposed the existence of a law of crime 

concentration, stating that “for a defined measure of crime at a specific microgeographic unit, 

the concentration of crime will fall within a narrow bandwidth of percentages for a defined 

cumulative proportion of crime”. While not explicitly stated in this formulation, this 

bandwidth has usually been identified as having the dimension of street segments; even when 

alternative definitions are used for a microgeographic unit, in practice, the unit used is street 

segment or a street block (as seen in Oberwittler & Wikström, 2009; and Gerrel, 2017).  

Therefore, Criminology of Place puts granularity as a central element in explaining 

the geography of crime. Uniformity, while not as explicitly, is also a key element. 

Aggregating to units coarser than street segments would lead to non-uniform regions, 

masking internal clusters within each area, and the aggregated crime counts would be 

therefore poor representatives of the spatial concentration of crime. One of the practical 

implications of this insight is on police allocation, in that a great proportion of crime can be 
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tackled by allocation of police forces or other public policies at few specific locations (a 

strategy known as hotspot policing). Therefore, this approach of looking at crime at 

microlocations has the virtue of not only reducing the complexity of the crime problem but 

also potentially reduce the cost of dealing with it. 

In contrast, robustness to error has not be given much attention in the framework of 

Criminology of Place. The robustness of the patterns found by Weisburd et al.(2012) has 

been ascribed to their temporal stability and to the large volume of crime data points used; 

however, the estimated error for the crime rates per street segment is not evaluated, and there 

is no way to know how other granularities would perform in terms of uniformity and 

robustness for their dataset, since other granularities are not analyzed. These matters are 

considered in the Discussion section. 

To our knowledge, the most noticeable study to examine the importance of robustness 

to error under the framework of Criminology of Place is that of Andresen and Malleson 

(2011). In their study, the authors applied a spatial test devised by Andresen (2009) to 

evaluate how similar two different point patterns are (e.g. robberies in 1991 versus 1992) 

under different granularities (street segments, census tracts and dissemination areas). Our 

research has some similarities to the work done by them; in particular, we have a similar 

approach on the effects of random fluctuations when analyzing point patterns, and how 

granularity is expected to have an influence in the magnitude of these fluctuations. However, 

our studies have some key differences in scope and methodology, which are examined in 

detail in the Discussion section. 

While robustness to error has not been given so much attention compared to 

uniformity and granularity, it can also have practical impacts to policing and policy making. 

If police is intended to be allocated primarily at these crime hotspots, a greater uncertainty 

associated with these hotspots means a greater proportion of police forces being potentially 
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misallocated. Thus, when it comes to efficient allocation of resources, both uniformity and 

robustness to noise have to be considered, along with any other practical considerations (e.g. 

a minimum amount of police patrols might be required for every region, regardless of their 

actual crime rate). 

To sum up, granularity and, to some extent, uniformity, have been the subject of 

growing interest in the study of crime and its spatial distribution. However, how much the 

robustness of estimated crime counts is affected by changing granularities is a topic that has 

not been addressed. Additionally, how this matter relates to uniformity remains to be 

clarified. It is the objective of our work to advance the understanding of these topics.  

 

2.2.5 Summary 

 Problems involving granularity, uniformity and robustness have been often explored 

in Geography and Spatial Criminology. Nevertheless, these concepts have not yet been fully 

articulated to solve the problem of aggregating point distributions such as crime events. If 

spatial uniformity is not considered when determining the unit of analysis, problems such as 

the Ecological Fallacy are likely to impact crime analyses; however, choosing a very fine 

unit, while usually solving the problem of uniformity, might introduced errors into the crime 

counts. In light of these problems we propose a methodology aimed at evaluating both how 

uniformity and robustness vary at different spatial granularities, and then finding a 

granularity that offers a good compromise between two metrics reflecting these properties. 
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2.3 Methodology 

To estimate an appropriate unit of analysis for counting crime, metrics for internal 

uniformity and robustness to error were calculated for a set of different granularities, and 

from that a granularity that offers the best balance between the two is determined. 

 

2.3.1 Internal Uniformity 

Internal uniformity is estimated through a series of spatial randomness tests. Given a 

granularity g, a set of n quadrats of that granularity Sg = {s1g s2g…sng} is generated over the 

domain of crime points P being tested, and then for each quadrat sig, a spatial randomness test 

is performed for the points located inside it. The proportion of samples in Sg that fail to reject 

the complete spatial randomness (CSR) hypothesis at significance 𝛼 is calculated and 

attributed as the internal uniformity level ug of the point set P at granularity g. This process is 

repeated for a range of different granularities. Figure 2-2 and Figure 2-3 illustrate this 

process. 

 

Figure 2-2 - Evaluating the spatial randomness of one sample taken at granularity g. 

The test is repeated for multiple samples at the same granularity over the point set, and the 
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proportion of points that fail to reject the CSR hypothesis is assigned as the internal 

uniformity. 

 

 

Figure 2-3 - Internal Uniformity is calculated for a range of different granularities. 

The particular way that sample quadrats are generated may vary, as well as the 

particular spatial randomness test that is employed. Two methods for generating samples 

were employed, as well as two methods for testing spatial randomness, leading to four 

different combinations of metrics, which can then be compared. 

For generating the samples, the first approach determines a set of r random quadrats 

of the same granularity (size) inside the bounding rectangle that delimits the point set P. The 

second approach divides the bounding rectangle into a set of contiguous quadrats of the same 

granularity, as in standard quadrat analysis. Figure 2-4 illustrates these two different 

approaches. 
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Figure 2-4 - Two approaches for collecting samples to be tested for spatial 

randomness. 

As for the spatial randomness test used, the first approach is to use a nearest neighbor 

distance test – here, the particular version of the test employed is the Clark-Evans test 

(O’Sullivan & Unwin, 2014). The second approach is through a quadrat count test, as shown 

by O’Sullivan & Unwin (2014). 

Table 2-1 synthesizes the four combinations employed in this study for estimating 

internal uniformity. 

 

 Sampling Procedure 
CSR test Random samples Contiguous Samples 

Nearest Neighbor A B 
Quadrat Count C D 

 

Table 2-1 - The four metrics (A, B, C and D) proposed for estimating internal 

uniformity of a point set, varying according to the particular CSR test employed and the 

sampling procedure. 
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2.3.2 Robustness to error 

Robustness of the measured crime counts is evaluated in relation to the expected 

proportional variation of crime incidence (i.e. the estimated coefficient of variation of the 

observed crime incidence, see Krishnamoorthy, 2016 for reference). For example, a crime 

rate of 100 crimes per year with a coefficient of variation of 5% is a more stable measure 

than a rate of 100 crimes per year with a 20% coefficient of variation10. As the coefficient of 

variation is a positive quantity, we define a metric rg for robustness to error at granularity g as 

the exponential of a constant times the average coefficient of variation for a sample Sg = {s1g 

s2g…sng} of n quadrats of granularity g as in Equation 2-1. 

 

 𝑟# = 𝑒𝑥𝑝	 −𝑘×	,
-

𝑐𝑜𝑒𝑓_𝑣𝑎𝑟(𝑠6#)-
68,     (2-1) 

The exponential is applied to assure that 𝑟# will vary between (0, 1) and, therefore, be 

comparable to the uniformity metric. For the choice of k, we suggest k = 3, since at that value 

a coefficient of variation of 1 will yield a robustness close to zero (0.05), while a coefficient 

of variation of 0 will yield a maximum robustness of 1. Although the behavior of the 

robustness metric itself is in part dependent on the specific value of k chosen, we show in 

Appendix A how our estimate of the best granularity is not sensitive to the value of k. 

To estimate the coefficient of variation for the observed crime distributions, three 

different methods were compared; additionally, two different approaches for selecting the 

samples were employed (similar to the calculation of internal uniformity). 

                                                
10 The coefficient of variation is here considered a more adequate metric to robustness than 
other metrics like standard deviation or variance, since the main interest is not in measuring 
simply the potential variation of crime counts, but of how much it should impact the rate of 
crime observed. Similarly, related metrics like variance-to-mean ratio are not as adequate in 
that the scales for the units are not the same, the unit of variance being the square of the unit 
of the mean. See Brown (1998) for a similar example. 
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The first method for estimating the coefficient of variation, named here binominal 

estimation, begins with comparing the number of crime events ki within a quadrat of 

granularity g to the total number k of observed crime events. By assuming that the ratio pi = 

ki/k is a good approximation of the likelihood of a crime event being located inside a quadrat 

sig, the coefficient of variation for that sample follows that of a binomial distribution, which 

is given by Equation 2-2. 

 

 𝑐𝑜𝑒𝑓_𝑣𝑎𝑟 𝑠6# = 𝑝6(1 − 𝑝6)
,
:
     (2-2) 

 

The second method, called here Poisson estimation, assumes that the crime incidence 

within a quadrat of granularity g follows a Poisson distribution and then proceeds to fit the 

observed sample to that distribution. Since only one sample is used in the fitting, the 

estimated coefficient of variation for the Poisson distribution is: 

 

 𝑐𝑜𝑒𝑓_𝑣𝑎𝑟(𝑠6#) =
,
:;

       (2-3) 

 

The rationale behind the second method is that for sufficiently large number events 

the binomial distribution can be approximated by the Poisson distribution. 

Finally, the third and last method, called here resampled estimation, effectively 

combines the first two for estimating the coefficient of variation. In the Poisson distribution, 

the coefficient of variation is dependent on the lambda parameter. However, not only the 

estimated lambda is uncertain, but its relation to the coefficient of variation is non-linear. 

Thus, to estimate the coefficient of variation while taking account of the uncertainty in the 

parameter lambda, a resampling approach was used: m samples of crime counts are simulated 
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following a binominal distribution with probability pi = ki/k for k events, and for each 

sample, the coefficient of variation is estimated by fitting it to a Poisson distribution. Finally, 

the simulated coefficients of variation are averaged to estimate the expected value of the 

coefficient of variation. 

 

 𝑐𝑜𝑒𝑓_𝑣𝑎𝑟(𝑠6#) =
,
<

,

=;>

<
?8,       (2-4) 

 𝑠. 𝑡.		𝜆6? = 𝐵𝑖𝑛𝑜𝑚(:;
:
, 𝑘) 

 

2.3.3 Finding a good tradeoff between uniformity and robustness  

Having computed the metrics for internal uniformity and robustness to error, the final 

step is to determine a granularity that offers a compromise between each metric. The 

literature (Miettinen, 2012; Cho et al. 2017) offers a broad discussion on multi-objective 

optimization problems such as this one. Here, three approaches are proposed (and later 

compared) for estimating a granularity that provides a compromise between uniformity and 

robustness, but it is worth noting that different approaches (and definitions of balance) for 

finding this compromise are possible. Additionally, the term “best granularity” should be 

understood under this restricted sense of providing a balance between uniformity and 

robustness (of which the following criteria are three of many possible), and avoiding 

extremes of low uniformity or low robustness. 

One approach is by fitting a curve for internal uniformity varying as a function of 

robustness to error, and then finding the point where its derivative is equal to minus one: 

 

 HI(#JKLM)
HN(#JKLM)

= 	−1        (2-5) 
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The rationale is that, since both metrics are percentile values, a derivative equal to 

minus one means that any marginal gain in robustness due to a small change in granularity 

will lead to a loss in uniformity of the same magnitude, and vice-versa. 

A second approach proposed here is to find the granularity that maximizes the 

product of internal uniformity and robustness to error (Equation 2-6): 

 

𝑚𝑎𝑥 	𝑢 𝑔 𝑟 𝑔        (2-6) 

 

The motivation for using this criterion is that it requires both metrics to score high in 

order to yield a high value: for instance, regardless of the internal uniformity, if the 

robustness to error is zero, the product will be zero. Furthermore, since both metrics are 

percentiles, there is no need to standardize their values, and the magnitudes can be compared 

in a straightforward way. 

The third and final criteria proposed is finding the granularity that maximizes the sum 

of internal uniformity with robustness to error: 

 

 𝑚𝑎𝑥 	(𝑢 𝑔 + 	𝑟 𝑔 )       (2-7) 

 
In contrast to the previous criteria, this one privileges granularities that offer either a 

good internal uniformity or a good robustness to error, but there is less of a penalty if one of 

the metrics is relatively low. 

After calculating the best granularity through each criterion, a mean best granularity 

can be calculated (and its standard deviation). If the standard deviation is relatively small 

(e.g. less that 20%), then the mean best granularity can be chosen as the final estimate. If not, 
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then one of the candidate values can be chosen according to which metric (uniformity or 

robustness) is considered more important. 

 

2.4 Data 

The data used in this study was composed of three point sets representing the 

locations of three types of crime events reported to the police in the city of Belo Horizonte, 

Brazil: residential burglaries, street robberies, and homicides. For residential burglaries, there 

is a total of 44,560 events, spanning the period 2008 to 2014; for street robberies, there are 

11,626 events, from the year 2012 to 2013; for homicides, the total amount is 1,826 cases 

from 2012 to 2014. 

These point sets were generated from boletins de ocorrência, registers created by the 

police in Brazil to document reported crime incidents. In the case of these particular boletins 

de ocorrência, they were ceded by the Polícia Militar de Minas Gerais, the branch 

responsible for police enforcement in the state of Minas Gerais, where the city of Belo 

Horizonte is located. The street addresses of the reported crimes were geocoded into latitude 

and longitude coordinates, with an accuracy rate of 95% following the methodology 

proposed by Chainey and Ratcliffe (Chainey & Silva, 2016; Chainey & Ratcliffe, 2013). 

 

2.5 Study Area 

Belo Horizonte, is located in the southern region of Brazil, on the border of São Paulo 

and Rio de Janeiro states. With an estimated population of 2,523,794 people in 2017, it has a 

demographic density of about 7,167 inhabitants per square kilometers in an area of almost 

332 square kilometers. According to the 2010 Census, out of 628,447 households in Belo 

Horizonte, 66.58 % are owner-housing units; 7.23 % are in the process of being purchased; 
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and 18.06 % are rental housing units. There are 487 neighborhoods in Belo Horizonte 

including 215 favelas, vilas (improved favelas), and other public housing spread throughout 

the city. Nearly half a million people live in the more than 130,000 households located in 

these areas. 

 

2.6 Results 

The results were obtained by applying the described methodology over the three 

datasets described in the Data section: reported residential burglaries, street robberies and 

homicides. The set of granularities analyzed for burglaries ranged from quadrats of 25 meters 

to 1000 meters, with 25 meter intervals (that is, quadrats of 25 meters, 50 meters, etc.); for 

robberies and homicides, the granularities analyzed ranged from 100 meters to 5000 meters, 

with intervals of 100 meters. 

In short, our findings show that: first, for all three types of crime evaluated, internal 

uniformity increases with finer granularities, while robustness to error decreases; second, the 

best granularity is different for each type of crime considered, and third, the best granularities 

in most cases do not match granularities traditionally used in the literature (namely, street 

segments, census units, and neighborhoods). 

These findings for the case of burglaries in Belo Horizonte are illustrated in the next 

figures. Figure 2-5a and Figure 2-5b shows the difference between the two methods 

discussed as a function of the adopted granularity. The first one shows how internal 

uniformity decreases as coarser granularities are employed, while second one shows that 

robustness to error decreases with finer granularities.  
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Figure 2-5 - Internal Uniformity versus Robustness to error by granularity 

  

Figure 2-5a – Internal uniformity estimated 

for residential burglary as a function of 

granularity. The metric was estimated using 

the nearest-neighbor with random samples 

method. Notice how the internal uniformity 

decreases as granularities become coarser.  

 

Figure 2-5b – Robustness to error estimated 

for residential burglary as a function of 

granularity. The metric was estimated using 

the binomial estimation with random 

samples method. Notice how the robustness 

to error decreases as granularities become 

finer. 

 

This tradeoff curve between uniformity and robustness to error is shown in Figure 2-6, 

indicating also the point of balance between the two metrics, which is used to estimate the best 

granularity for that dataset. Equivalent graphs for homicides and robberies can be seen in 

Appendix B; in addition, Appendix B also shows a comparison between the different variants 

proposed to calculate uniformity, robustness and the best granularity (as described in the 

Methodology). The overall results of these analysis are similar to those shown here. 
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Figure 2-6 - Best granularity estimated by three different criteria (balance of gains, 

product and sum criteria) for the three different types of crimes (burglary, robbery and 

homicides) 

The estimated best granularities for each type of crime are listed in Table 2-2, with 

Table 2-3 listing some of the more traditionally used granularities, such as neighborhood, 

street blocks and census tract granularities. In Belo Horizonte, a typical street segment has 

been reported as having a length of 100 m (Freitas et al., 2013); in the downtown area 

(Centro), where street patterns are more regular, street segments usually have a length of 120 

m. For comparison, in Seattle, the average street segment has 117.96 meters (387 feet) 

(Weisburd et al., 2012, p. 224), with 64% of the segments ranging from 61 meters to 183 

meters. Neighborhoods in Belo Horizonte, on the other hand, have an average area of 0.68 

km2 (a quadrat of side 824.36 m). 

Type of 
crime 

Total number of 
points 

Best Granularity (meters) - 
Mean 

Best Granularity (meters) - 
Standard Deviation 

Burglary 44,560 278.75 51.21 
Robbery 11,626 775 221.74 
Homicides 1,826 1,725 250 

 

Table 2-2 - Best granularity for each type of crime, estimated with each criterion. 
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Traditionally used granularity Approximate dimensions (side of a square) 
Street blocks 100 m 
Neighborhood 290.09 m 
Census tract 824.36 m 

 

Table 2-3 - List of traditionally used granularities. 

As can be seen in Table 2-2, the estimated best granularities are significantly different 

for each type of crime. Between the three types of crime the one with the finest best 

granularity is burglary, which is also the one with the greatest number of points; homicide is 

the type with the least number of points and the coarsest granularity. That was not 

unexpected, as a greater number of points tends to lead to more stable rates (better robustness 

at finer granularities). 

 For all three types of crimes, the estimated best granularities are coarser than the 

usual scale of street segments or street blocks, as can be seen from Table 2-2 and Table 2-3. 

Additionally, for two of them (burglary and robbery), the best granularities are finer than that 

of neighborhoods. The estimated internal uniformities and robustness to error at these 

different granularities (street blocks, census units, neighborhoods) is shown in Table 2-4. 

 

Type of 
crime 

Metric Street 
blocks (100 
m) 

Census 
unit 
(290.09 m) 

Neighborhood 
(824.36 m) 

Best Unit (size varies 
with type of crime; see 
Table 2-2) 

Burglary Uniformity 1.00 0.87 0.23 0.90 
Robustness 0.13 0.34 0.58 0.30 

Robbery Uniformity 1.00 0.98 0.82 0.86 
Robustness 0.10 0.15 0.36 0.31 

Homicides Uniformity 1.00 1.00 1.00 0.90 
Robustness 0.09 0.10 0.16 0.34 

 

Table 2-4 - Internal uniformity and robustness to error estimated for some 

traditionally used granularities: street blocks, census units and neighborhood. 
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 Maps of crime incidence using the estimated best granularities are shown in Figure 2-

7. Since robbery is overly concentrated in the downtown area, a log transformation was 

applied to facilitate visualization, shown alongside the original. As can be seen from these 

maps, not only the best granularities are different according to each type of crime, but so too 

are their spatial distributions. 
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Figure 2-7 - Maps of crime incidence for burglary, homicide and robbery, using their 

estimated best granularities.  

 Finally, the relative concentration of type of crime is shown in Table 2-5. We 

calculated what is the minimum number of units (shown here as a percentage of the total) that 

account for 50% of the crimes of that type; units that are outside of the city’s limits – and 

therefore could not have a crime registered there – were not considered in this calculation. 
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For comparison, the expected relative concentration of a random point distribution of the 

same size is shown as well. 

 

Type of 
crime 

Granularity Number of 
units 
considered 

Percentage of units 
that concentrate 
50% of crimes (a) 

Concentration 
expected for a 
random 
distribution (b) 

Comparative 
ratio (a/b) 

Burglary 278.75 m 3391 22.65% 39.10% 57.80% 
Robbery 775 m 623 11.17% 41.86% 26.68% 
Homicides 1,725 m 136 21.31% 40.161% 53.06% 

 

Table 2-5 - Relative concentration of each type of crime considered. 

 As can be seen from this table, all three types of crime are more concentrated than 

could be expected under a random point distribution; robberies, however, are far more 

concentrated than homicides and burglaries, a pattern that can also be observed in the maps in 

Figure 2-7. 

 As a whole, the results obtained all indicate the same relationship between uniformity, 

robustness and granularity: uniformity tends to increase as granularity becomes finer, while 

robustness tends to decrease. However, the sensitivity of uniformity and robustness to 

granularity seems to vary across different types of crime, leading to different best 

granularities; furthermore, these estimated best granularities do not necessarily match 

traditionally used units like neighborhoods, census units or street segments. In light of that, 

we find that choosing a granularity without considering the specifics of the dataset can lead 

not only to an absence of internal uniformity, such as in the Ecological Fallacy, but also to 

problems of robustness in the measured crime incidences. The next section discusses some of 

the implications of these findings for policing and policy making, as well as a comparison 

with other approaches to crime mapping and analysis. 
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2.7 Discussion 

In this section, we discuss in more detail some implications of the results obtained in 

this research. First, we examine the usefulness of our methodology for policy making and 

policing; then, we discuss some theoretical implications of our findings to Criminology of 

Place, and in particular, to the law of crime concentration proposed by Weisburd (2015). 

 

2.7.1 Implications for policing and policy making 

 Crime maps are useful for planning and implementing actions to counter this social 

problem; some examples of such actions are police allocation and social programs. This 

usefulness, however, is dependent on the reliability of the crime frequencies being depicted. 

There are many aspects influencing this reliability: for instance, the problem of 

underreporting of crime is frequently mentioned as harming the reliability of police reports as 

an accurate indicator of crime. The methodology described in this work can be used to 

improve the reliability of crime maps in two aspects – the aforementioned uniformity and 

robustness of mapped crime frequency. 

 Table 5 indicates what would be the expected crime concentrations, uniformities and 

robustness for our burglary dataset if counted at three different granularities: the estimated 

best, an oversized granularity, and an undersized granularity. 

 

Granularity Percentage of units 
that concentrate 
50% of crimes 

Uniformity Robustness 

Oversized (1650 m) 25% 0.074 0.74 
Best (278.75 m) 22.65% 0.90 0.31 
Undersized (100 m) 15% 1.000 0.11 

 

Table 2-6 - Expected crime concentrations, uniformities and robustness when varying 

the granularity used (for residential burglaries). 
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 From Table 2-6, we can see that there would be 9.4 % less units to cover (i.e. 22.65 % 

of the total geographical areas instead of 25%) in order to tackle 50% of the burglaries if the 

best granularity (278.25 m) were used instead of the oversized one (1650 m), which could 

then be reflected as more police resources being available per targeted unit, or as a lower 

total cost to cover the same proportion of burglaries. Moreover, the uniformity in the 

oversized granularity is only 0.074 (meaning that only 7.4% of the units considered can be 

considered uniform), while for the best granularity the uniformity is 0.90. 

 Why then not use the undersized granularity (100 m), in which 50% of all burglaries 

are concentrated in only 15% locations and the uniformity is 1? While that is the case, the 

estimated robustness value for the undersized granularity is 0.11, indicating that on average 

the crime rates are expected to have an error of 73% of their estimated value, while for the 

best granularity, this error would be 39% (i.e. robustness equal to 0.31) – meaning that the 

best granularity produces maps of crime concentration that are more reliable and stable than 

the one using the undersized granularity. One practical implication for policing is that a more 

stable map of crime incidence decreases the chance that resources will be misallocated to a 

“false” hotspot of crime. For instance, if police forces are to be allocated in proportion to 

crime distributions (as in Directed Patrols policing strategy), robustness of 0.15 

(corresponding to an average coefficient of variation of 0.63) would mean that approximately 

63% of the police forces will be misallocated in average. In addition, the production of more 

reliable maps of crime in general should be useful for Evidence-Based crime prevention 

programs, both for planning new prevention strategies as well as for evaluating results (e.g. 

comparing past and future crime distributions, while accounting for issues of internal 

uniformity and error). 

Naturally, this usefulness depends also on the strategies chosen for policing and crime 

prevention, which might well involve considerations that transcend those considered here 
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(e.g. legal and administrative requirements, socio-cultural considerations, polical factors). 

However, in a scenario in which a limited number of policing resources is expected to 

promptly respond to an increasing number of calls and crime events, issues of efficiency and 

effectiveness should be a key factor under consideration. 

Moreover, even if the areal units are to be used are predefined by some external 

criteria (e.g. perhaps new policing plan is required by law to use policing districts), the 

proposed methodology can be used to estimate the robustness to error and the internal 

uniformity in this predefined granularity, and how much it differs from the best, provided that 

point data for each individual crime event is available. 

Lastly, one final consideration that can be made is that more reliable crime maps can 

improve the general public’s perception of the nature of crime and its geography, helping in a 

better mutual understanding between the police (and other public authorities) and the 

population. As shown by Alkimim et al (2013), perceptions of crime and violence by the 

general public do not necessarily match the actual distribution of crime events. While the 

reasons behind that could be diverse, and will not be further examined here, suffice to say 

that unreliable maps (e.g. with poor robustness to error, or poor internal uniformity) will 

probably contribute to such misunderstanding.  

 

2.7.2 Theoretical implications for Criminology of Place 

Our results partially contradict some of the conclusions from previous work on the 

Criminology of Place, in particular that street segments – or any other unit for that matter – 

would be a preferred granularity for analyzing spatial crime patterns. Our analysis indicates 

that it might be advisable to look first at the data being used before deciding on a particular 

granularity. As we have shown, a poorly specified granularity might lead to problems of lack 

of internal uniformity in the units being analyzed (potentially leading to the Ecological 
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Fallacy) or to problems of low robustness of the estimated crime rates, with the values 

counted being too susceptible to random fluctuations; in our methodology, we propose a 

procedure for finding a granularity that offers a good compromise between robustness and 

internal uniformity. 

As to how our findings relate to the proposed law of crime concentration, there are at 

least a few possibilities, which are examined here. In its most general form, the law of crime 

concentration states that at a certain microgeographic unit, a relatively large proportion of 

crime will be concentrated in a relatively small proportion of units (e.g. 50% of burglaries 

concentrated in 10% of street segments). This, however does not specify what these 

proportions are, and without this specification this statement can in principle be applied not 

only to crime distributions, but also to hypothetical random point patterns. Could there be 

specific values for the dimensions and proportions in this law? Similar questions have been 

raised and discussed in detail by Hipp & Kim (2017). Our analysis has shown that, for each 

type of crime, a different best granularity was estimated, and for each, a different 

concentration of crime was observed. Therefore, it would seem that the parameters of this 

law depend on the type of crime being considered, if not altogether on the specific dataset 

being analyzed. 

Nevertheless, our analysis again confirms the basic observation that crime is 

clustered. Therefore, it seems plausible that the law of crime concentrations could be 

reformulated in order to account for the issues of robustness and uniformity outlined here, 

while being specific enough not to be confused with the type of concentration observed in 

random point patterns. We will not attempt to provide such a reformulation as of yet; we 

judge that a series of comparative studies on the best unit of analysis (following our 

methodology or some other equivalent multiscale analysis) for different types of crimes and 
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study areas would be necessary in order to get a clearer picture of how crimes cluster in 

space. 

 

2.7.3 Comparison to Andresen and Malleson’s (2011) approach for robustness to 

error 

As mentioned in subsection 2.4, the study done by Andresen and Malleson (2011) has 

some similarities to ours in how robustness to error is accounted for analyzing point patterns. 

However, our approach to robustness to error has some important differences to theirs in 

terms of scope and methodology. While their study considers robustness to error when 

comparing how similar are two different point patterns, ours is concerned in how robustness 

to error should be taken into account along with uniformity in order to produce reliable crime 

counts. 

This leads to an important methodological difference: in their spatial test, areas that 

have no points from either point pattern are not excluded from the analysis, being then 

counted as similar. As a consequence of that, two different point patterns will usually be 

considered more similar by their test if analyzed at finer granularities rather than coarser 

ones, since at finer granularities the number of areas that have no points in either point 

pattern will tend to increase. 

Whether this could be problematic to their analysis is unclear to us and we will not 

discuss it here; however, not excluding the areas with no points in our methodology would 

introduce a bias to our metrics. Consider the case where two different point patterns A and B 

are generated from the same probability density field; consider also that these point patterns 

have the same number of points. Thus, while not identical, we would expect these points to 

be relatively similar; however, we would not expect points from each point pattern to be 

placed at the exact same locations. In other words, at a finer level of detail (i.e. finer 
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granularity) we should be able to observe more differences between the two point patterns, 

and robustness to noise is intended to express these differences that arise from chance. 

However, this effect will be hidden if quadrats that have zero points are considered; since our 

point sets are finite and discrete, and space is continuous, the proportion of points with no 

points at all in relation to those that have should necessarily increase as granularities become 

finer, regardless of the point pattern being considered. Furthermore, the absence of points in a 

given area can have different causes: it may arise from random chance, or it could be a reflex 

of the area being outside of the domain of the point process being considered. 

Therefore, despite these similarities, our research raises a cautionary note which we 

believe has not been raised by Andresen and Malleson’s study or others so far, which is that 

using granularities that are too fine for a given dataset could lead to unreliable crime counts. 

More than that, our study also proposes a methodology for avoiding or at least minimizing 

this issue of unreliability in crime counts. 

 

2.7.4 Limitations and future improvements 

Some limitations identified for our proposed methodology for determining an 

appropriate granularity in crime mapping are discussed here, as well as some envisioned 

solutions for future implementation. 

One limitation is related to our granularity being constant throughout the study area; 

that is, the units of analysis are all contiguous squares of constant size forming a uniform grid 

over the study area. While this facilitates data representation and manipulation, it may pose 

problems for point distributions with sufficiently high degree of clustering, as in the 

distribution of homicides shown in Figure 2-7. In the areas where a cluster is present, the 

point density is higher, which would not only allow for a finer granularity (i.e. more points, 

more robustness), but would also probably require a finer granularity to ensure internal 
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uniformity. However, in all the other areas (i.e. outside of clusters), the situation is the 

inverse, and broader granularities would be required. Since our methodology assumes a 

constant granularity across the study area, the estimated best granularity will be coarser that 

desirable for the clusters, and finer than recommended for areas outside the clusters. This 

should not be too much of a problem for point sets with moderate amounts of clustering such 

as the burglary patterns used in this research; however, for homicides this effect is more 

relevant. Unsurprisingly, one possible solution for this is to allow granularities to vary across 

the study area; the problem then becomes of finding a polygon mesh that provides adequate 

levels of robustness and uniformity for all its polygons. We will not further examine this 

problem here, but the issue will be investigated in future works. 

A second limitation in our methodology is that it calculates crime rates at a place by 

counting how many points are found within each unit of analysis; as such, abrupt variations 

in crime rates are to be observed across the boundaries between two units. One common 

solution to this problem in data analysis and visualization is to use kernel density estimation 

to generate a smooth field of crime rates. However, it is not entirely clear how our estimated 

best granularity can be applied to a kernel density approach. On a preliminary assessment, it 

seems likely that the estimated granularity should influence the bandwidth of the kernel; 

however, how exactly should it influence it and whether should it determine the pixel size 

and the kernel function shape is something yet to be investigated. This problem, however, is 

more present when the estimated granularity is relatively broad, as seem in the homicide 

example (Figure 2-7). For cases where the estimated best granularity is relatively fine, such 

abrupt changes in crime rates observed between neighboring units are less intense.  
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2.8 Conclusion 

The contributions of this work can be summarized as follows: (1) we showed how the 

relative concentration of crime for a certain microgeographic unit cannot be used as the sole 

criterion for choosing that granularity, due to combined issues of internal uniformity and 

robustness to error; (2) we proposed a set of metrics for estimating said internal uniformity 

and robustness to error of a point dataset at different granularities; (3) we proposed a 

procedure to identify a granularity (referred to as best) that provides a good tradeoff between 

uniformity and robustness, and (4) we discussed the theoretical and practical implications of 

our findings, in specific looking at its usefulness to policy making and policing, and to its 

relation to other findings in Criminology of Place. 
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Chapter 3  Robust standardization of crime rates 

using Geographically Weighted Regression 

 

3.1 Introduction 

Reliable maps are an important component for understanding crime and planning 

solutions. While in some cases raw crime counts per location may be sufficient, estimating 

standardized rates (e.g. “homicides per 100,000 people” or “burglaries per 1,000 residences”) 

might be useful for cross comparing crime risk between different regions, since this 

standardized rate can be interpreted as an estimate of victimization risk per individual. This 

type of estimation, however, comes with a number of challenges that, if not addressed, could 

lead to biased or error-prone estimates. These challenges include: choosing an appropriate 

reference population (e.g. should we consider burglaries per residence, burglaries per 

resident, or maybe even burglaries per offender?); bias and error in the reference population; 

multiple reference populations (e.g. standardizing residential burglary rates in terms of 

number of houses and number of apartments counted separately), and handling small 

reference populations. While some of these challenges have in the past been addressed 

individually by other studies, an integrated exploration on how to handle all of these issues is 

still lacking. 

In this research, we provide a systematic study of the different challenges involved in 

standardizing crime rates to estimate victimization risk and propose a new and more robust 

approach for tackling this problem, which we call the GWRisk method. Our approach 

employs Geographically Weighted Regression, in which the estimated victimization risks are 

obtained from the fitted geographically-varying regression coefficients. Through a controlled 
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simulated study, a comparison is made between the GWRisk method and other traditional 

methods of standardization (e.g. simple division, Empirical Bayesian Estimators), with our 

method providing better estimates for victimization risks. In addition, we demonstrate the 

application of our method to a real-world dataset, using residential burglaries from the city of 

Belo Horizonte, Brazil. Therefore, our method not only is capable of providing more reliable 

crime maps, but also represents a novel use of Geographically Weighted Regression. 

This paper is organized as follows. The following section (Theoretical Specification 

of the Problem) is dedicated to detailing the usefulness of standardizing crime rates and the 

most common challenges involved. In the Literature Review section, previous research on the 

topic is revised and its limitations assessed. Our solution to the problem of estimating robust 

standardized crime rates is described in the Proposed Solution section, and in the Results 

section the results obtained from applying said methodology are shown. Finally, the 

contributions of this study are summarized in the Conclusion section. 

 

3.2 Theoretical Specification of the Problem 

3.2.1 Standardized crime rates: definition, usefulness and challenges 

Standardized crime rates11 are calculated as a ratio between an event count and the 

size of the reference population12 (Solymosi et al. 2017): “0.05 burglaries per residence”, “12 

                                                
11 Standardized crimes rates are sometimes referred as crime incidence rates or just crime 
rates, even though these can also be used when referring to raw crime counts. To avoid 
confusion, we will use standardized crime rates throughout this paper. 
12 By reference population, we do not necessarily mean resident population, nor even human 
population, but the set of potential targets of the type of crime being considered. In the 
literature, the terms opportunities (Solymosi et al. 2017) and units at risk (Andresen, 2005) 
are sometimes used instead of reference population. We consider here that these terms are 
synonyms, referring to the set of potential targets of the type of crime being investigated. To 
avoid confusion, the term reference population will be used. We also consider the terms 
target and victim as synonyms here (e.g. potential targets being equivalent to potential 
victims). 
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homicides per 1,000 people”, to name two examples. These rates are established within a 

certain time lapse, so that a more complete description of a standardized rate would be “0.05 

burglaries per residence in a year”, or “12 homicides per 1,000 people in ten years”. In many 

cases, the same time lapse is chosen for all the crime rates being considered (both 

standardized rates and raw counts), so that explicit mention to it can be omitted. 

In more formal notation, if we have 𝐶 as the observed number of crimes and 𝑃∗ the 

observed size of reference population, then the standardized rate 𝑟 will be: 

 

 𝑟 = U
V∗

         (3-1) 

 Since a standardized rate is a ratio, 𝐶 it is also often called the numerator, and 𝑃∗ the 

denominator (in this paper, we will usually use the terms crime count and reference 

population throughout). 

 Notice that both 𝐶 and 𝑃∗ are numbers derived from available data, and may, 

therefore, contain some error in relation to the real number of victims 𝑉 and population size 

𝑃. The relation P and P* can be represented as: 

 

 𝑃∗ = 𝑃 + 𝜀V        (3-2) 

 

 In this case, 𝜀V  represents the difference between the measured population size and 

the actual size, both for the same reference population being considered. 

  

Similarly, the relation between observed crime count 𝐶 and the real number of 

victims 𝑉 is expressed as: 
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 𝐶 = 𝑉 + 𝜀U         (3-3) 

 

 Here, 𝜀U  is the difference between the measured number of crimes and the actual 

number of victims of said crime. This difference can stem from different reasons, which will 

be examined along this section. 

 Standardized crime rates 𝑟 are usually interpreted as an approximation of the risk or 

likelihood 𝑅 of an individual in the reference population being the victim of the crime in 

question (Boggs, 1965; Solymosi et al. 2017): e.g. “0.05 burglaries per residence in a year” 

would be interpreted such that there is a 5% chance that a residence will be burglarized in a 

given year. By this perspective, the set of victims is a random sample with repetition of 𝑃, 

with individuals taken at probability 𝑅. Therefore, the number of victims can be modeled as a 

random integer variable following a binominal distribution with 𝑝 = 𝑅 and 𝑛 = 𝑃: 

 

 𝑉	~	𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑝 = 𝑅, 𝑛 = 𝑃)     (3-4) 

  

As such, the relation between number of victims, risk and reference population size 

can be expressed as: 

 

 𝑉 = 𝑅𝑃 + 𝜖         (3-5) 

 That is, the number of victims is equal to its expected value (the risk multiplied by the 

population size), plus a random variation factor 𝜖. 

 By combining Equation 3-1 through Equation 3-5, we have: 
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 𝐶 = 𝑅𝑃 + 𝜀U + 𝜖       (3-6) 

  

 Finally, with some algebraic manipulation, we have that: 

 

 𝑟 = V
V]^_

𝑅 + ^`]a
V

       (3-7) 

 

Equation 3-7, therefore, models the relation between a standardized rate 𝑟 and the 

victimization risk 𝑅. At times, 𝑟 and 𝑅 can be the same for practical purposes, and more 

specifically: 

 

 𝜀V ≪ 𝑃	 ∧ 	 𝜀U + 𝜖 ≪ 𝑃	 → 	𝑟 ≅ 𝑅     (3-8) 

 

However, in a number of cases this is not true, and this difference will introduce 

significant biases and errors. The following subsections detail these challenging cases. 

 

3.2.2 Mismatch between the crime event count and the reference population 

Selecting a reference population for standardizing crime rates is not always 

straightforward. For many crime statistics, the resident population is commonly used as the 

reference, but a range of other reference populations have also been suggested. In cases of 

residential burglary, for instance, the number of residences would be a more reasonable one, 

as pointed by Boggs (1965). Certain studies have used young male resident population 

instead of total resident population (Sagi & Wellford, 1968), on the basis that many 

homicides are tied to that demographic (some issues related to that are examined in the 

following section 1.3 below). Street robbery poses a significant problem: resident population 
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does not necessarily reflect the number of pedestrians; on the other hand, estimating 

pedestrian amounts is by itself a challenge. 

  It should not be very surprising that standardized rates will depend to a significant 

degree on the reference population chosen, a fact that has been pointed out by Boggs (1965). 

One possible solution is that the choice should depend of our particular questions: for 

instance, a study on the contributing factors for criminal life-styles could justify using a 

crimes-per-offender metric, while a study mostly concerned with victimization risks would 

probably make better use of a crimes per victim rate. In addition, studies are not restricted to 

use only one denominator; in fact, multiple measures could be used in parallel to provide a 

more complete picture of the phenomena (e.g. comparing homicides per 1,000 people versus 

homicides per 1,000 young males). 

Choosing a denominator influences not only the qualitative aspect of the study (i.e. its 

scope, interpretation, etc.), but also its quantitative results. A mismatch between reference 

population and type of crime being considered can happen in two ways: (i) part of the crime 

considered corresponds to victims that are not in the reference population, or (ii) part of the 

crime (of the type considered) victimizing the chosen reference population are not accounted 

in the crime dataset. An example for the first case (i) is selecting young males as the 

reference population, and all homicides as the crime: in this case, some victims of homicides 

are likely to not be in the young male population. Similarly, an example for the second case 

(ii) is selecting the whole population as the reference for homicides against young males: 

individuals who are not young and male in the reference population cannot be a victim of the 

type of crime being considered. 

Considering Equation 3-7, a mismatch between the set of crime events and the 

reference population affects 𝜀U , since it is essentially a mismatch between the set of victims 

in the population and the set of crimes considered. The magnitude of this effect, however, 
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depends on how close 𝜀U  is to 𝑃. Assuming the other errors are small, then from Equation 3-

7, we have: 

 

 𝜀V ≪ 𝑃	 ∧ 	 𝜖 ≪ 𝑃 → 𝑟 − 𝑅 = ^`
V

    (3-9) 

 

Thus, the error 𝑟 − 𝑅  in our estimate 𝑟 of the victimization risk 𝑅 is in a linear 

proportion to 𝜀U . 

 

3.2.3 Uncertainty in the number of crimes considered 

 One frequent concern about crime statistics is related to the quality of the data.  

Underreporting, for example, is common in police records, and there can be other sources of 

bias and error in the crime count such as inconsistencies in how crime is registered (e.g. a 

burglary followed by a homicide might be registered as separate crimes or just as the latter). 

In quantitative terms, such problems of uncertainty in the crime counts will affect 𝜀U , leading 

to the same case approached in the previous subsection, with the difference between 𝑟 and 𝑅 

being linearly proportional to 𝜀U . 

 The case of underreporting, however, has some specifics that deserve more detailed 

analysis. If only a fraction 𝑓 of crime is being reported, then the relation between 𝑉 and 𝐶 

can be modelled as: 

 

 𝐶 = 𝑓𝑉 + 𝜀Nfg        (3-10) 

 

 In this case, 𝜀Nfg represents the residual error in 𝐶 that is not proportional to 𝑉. Using 

Equation 3-3 though Equation 3-7, with some manipulations we have that: 
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 𝑟 = V
V]^_

𝑅 + hi, jV]ha]^kKL
V

     (3-11) 

 

Finally, assuming underreporting is the only significant uncertainty present, we have 

that: 

 

 𝜀V ≪ 𝑃	 ∧ 𝜖 ≪ 𝑃	 → 𝑟 − 𝑅 = 𝑓 − 1 𝑅 + ^kKL
V

  (3-12) 

 

 In this case, then, the error 𝑟 − 𝑅  in our estimated risk is proportional not only to 

𝜀Nfg but also to 𝑅 and 𝑓. Therefore, if the reference population is large, that will decrease the 

effects of 𝜀Nfg, but not of 𝑓, so that if 𝜀Nfg ≪ 𝑃, then 𝑟 ≅ 𝑓𝑅. In other words, if systematic 

underreporting is present in that only a proportion 𝑓 of crimes are being reported, then at best 

our estimate of risk should be interpreted as the likelihood of being victimized and reporting. 

 

3.2.4 Uncertainty in the size of the reference population 

Standardized crime rates can be affected not only by the quality of the crime data, but 

also by the quality of the data used for counting the reference population. Thus, observed 

variations in standardized crime rates could be an artifact not only of biases and errors in the 

crime data, but also of biases and errors in the denominator. 

 Uncertainty in the size of the reference population will likely lead to a 𝜀V ≠ 0. If we 

assume the other uncertainties to be considered insignificant, then, from Equation 3-7, we 

have: 

 

 𝜀U + 𝜖 ≪ 𝑃 → 𝑟 − 𝑅 = ^_
V∗
𝑅      (3-13) 
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 Here the difference 𝑟 − 𝑅  is proportional not only to 𝜀V, but also to 𝑅 itself. 

 

3.2.5 Small reference populations 

A recent trend within spatial studies of crime is analyzing crime at very fine, micro-

geographic units such as individual street segments or street blocks (Eck & Weisburd, 2015). 

One of the key reasons for this comes from the observation that crime is highly concentrated 

at these fine scales, and that using coarser granularities would mask relevant patterns 

happening at that level. Using micro-geographic units for analyzing crime, however, also 

raises a set of challenges. Issues of counting crime at such fine scale were analyzed in 

Chapter 2, but there are also additional issues when it comes to standardizing crime rates, as 

will be examined here. 

If micro-geographic data are used, the size of the reference populations will tend to be 

small, and that will affect the quality of our estimated risk (i.e. will lead to a greater 

difference between 𝑟 and 𝑅). 

Starting with Equation 3-7, we can manipulate it to: 

 

 𝑟 = V
V]^_

𝑅 + ^`]a
V]^_

       (3-14) 

 

In addition, we have that 𝑃 ≥ 0 and 𝑃 + 𝜀V ≥ 0, since there cannot be a negative 

number of individuals in the population. Therefore, a small population 𝑃 can influence the 

estimated risk 𝑟 in two main ways, depending on the value of 𝜀V. 

If our data overestimates the size of the reference population, then: 
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 𝑃 + 𝜀V > 𝑃 ≥ 0	 → 	 𝑙𝑖𝑚
V→p

𝑟 = ^`]a
^_

      (3-15) 

 

On the other hand, if our data underestimates the size of the reference population, 

then: 

 

 𝑃 > 𝑃 + 𝜀V ≥ 0	 →

𝑙𝑖𝑚
V]^_→p

𝑟 = +∞			𝑖𝑓	 𝜀U + 𝜖 − 𝜀V𝑅 > 0

𝑙𝑖𝑚
V]^_→p

𝑟 = −∞			𝑖𝑓	 𝜀U + 𝜖 − 𝜀V𝑅 < 0

𝑙𝑖𝑚
V]^_→p

𝑟 = 0								𝑖𝑓	 𝜀U + 𝜖 − 𝜀V𝑅 = 0
 (3-16)  

 

Thus, in either case, having small reference populations can be highly problematic, 

since a standardized rate 𝑟 will degenerate toward −∞, 0, +∞, or ^`]a
^_

  as 𝑃 gets smaller. 

 

3.2.6 Multiple reference populations 

Consider the following situation: a researcher has access to the number of reported 

residential burglaries 𝐶Nfg per census tract based on police records, as well as the number of 

single family houses 𝑃stIgf and the number of apartments 𝑃uvw, both per census tract as well 

as from the City Hall registries. For the burglary data, consider that there is no information 

telling us how many burglaries targeted single family houses and how many targeted 

apartments; in addition, there is the possibility that some of these residential burglaries 

targeted types of residences not accounted in the City Hall registries, such as shacks in 

squatter settlements. It is likely, however, that the residential burglary rate per single family 

house would differ from the rate for apartments. How can the risk for residential burglaries 

targeting single family houses only (or apartments only) be estimated? 

If the total number of burglaries at a location is 𝐶Nfg, then 𝐶Nfg can be decomposed as: 
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 𝐶Nfg = 	𝐶stIgf + 𝐶uvw + 𝐶twsfN     (3-17) 

 

where, 𝐶stIgf is the number of burglaries at single family houses, 𝐶uvw the number at 

apartments, and 𝐶twsfN every other residential burglary. From that, and using Equation 3-3 

and Equation 3-6, we have: 

 

 𝐶 = 𝑅stIgf𝑃stIgf + 𝑅uvw𝑁uvw + 𝜖uyy     (3-18) 

 

 From this equation, it becomes clear that estimating the risk of burglaries per single 

family house as 𝑟stIgf_-u6zf =
U

V{|}LK
 would provide a biased estimate since, 𝑟stIgf_-u6zf =

𝑅stIgf +
j~�MV~�M]a~��

V{|}LK
. 

 While the factor j~�MV~�M]a~��
V{|}LK

 can be considered an “error” term, 𝑅uvw𝑃uvw can be 

expected to be significant (otherwise, the number of residences can be approximated to the 

number of houses and the problem ceases to be one of multiple populations). Moreover,  

j~�MV~�M]a~��
V{|}LK

 is dependent on 𝑃stIgf, leading to an artificial relation between 𝑃stIgf and the 

estimate 𝑟stIgf_-u6zf, as well as problems when 𝑃stIgf is small (as covered in the section 1.5 

above). Therefore, using the traditional standardization approach to estimate victimization 

risk in a case of multiple reference populations will lead to significant error and bias. How 

this issue can be tackled with our proposed GWRisk method will be covered in the Proposed 

Solution section. 
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3.2.7 Comparing these sources of uncertainty 

As seen in the last subsections, there are multiple sources of uncertainty when 

estimating victimization risk by standardized crime rates. Of those sources, that coming from 

small reference populations features is the most problematic. While the others can at times 

add significant bias and error to our estimate 𝑟, the true value of 𝑅 can still be expected to be 

significantly present in that estimate. Having a small reference population, on the other hand, 

can degenerate the values of 𝑟 so that it bears little connection to 𝑅, if any at all. 

Among the other sources, having multiple populations can introduce significant bias, 

with this bias being also artificially related to the reference population used for the 

standardization procedure. This can happen with the other sources of uncertainty, but the 

errors are expected to be smaller. 

Finally, it must be noted that systematic underreporting introduces bias as a 

percentage factor, rather than as additive factor. That is, if only a rate 𝑓 (with 0 ≤ 𝑓 ≤ 1) of 

victimizations are reported and counted as crimes, then the estimated risk will be 

proportionally affected and 𝑟 will be an approximation of 𝑓𝑅 instead of an approximation of 

the true risk 𝑅. Therefore, if any degree of systematic underreporting is to be expected (as is 

the case for most types of crimes), standardized rates using official police records should be 

interpreted as a compound likelihood of being a victim and reporting. Then, if an estimate of 

the underreporting rate is available (e.g. through independent victimizations surveys), this 

compound likelihood of being a victim and reporting can be translated to actual estimates of 

victimization risk. 
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3.2.8 Should we standardize at all? 

Lastly, we should mention the question of whether we should standardize crime rates 

at all, an issue that has been debated in the literature (Boivin, 2013; Firebaugh & Gibbs, 

1986). This view, while recognizing that population size should influence crime incidence, 

argues that a better strategy for controlling for population size is to add it as an independent 

variable alongside others in a quantitative model (e.g. an ordinary least-squares regressive 

model). 

Most of the argument stems from the problem of matching the appropriate reference 

population to the crime being studied. For instance, if number of residents is an imperfect 

proxy for the potential victims of robberies, straightforward standardization would produce 

biased estimates; on the other hand, including it as an independent variable would allow at 

least some control for the size of said reference population. This is a fair point, and the 

potential for bias in traditional standardization methods has not only been recognized by 

other authors, but was analyzed in detail throughout this current section. However, as we will 

later show, our proposed method allows for estimating victimization risk while being robust 

to this potential bias. 

Another aspect of the argument is that we cannot always assume that the relation 

between crime counts and reference population will be linear. That is also a fair point, 

however, it is not clear how including reference population as an additional (linear) 

independent variable in a model would tackle that specific issue. Moreover, on a theoretical 

level, the very definition of victimization risk as used here (which in our understanding, 

matches the common view of victimization risk) requires a linear relation between risk, crime 

counts and reference population. It is theoretically possible that the victimization risk by 

itself could also be related to population size (e.g. greater risk with increased populations), 

which would then lead to an aggregate non-linear relation between crime incidence and 



 75 

population size. From the perspective of estimating victimization risk, however, the very 

definition of the concept would require investigating the relation between crime counts and 

population size on a linear level. 

However, this strategy of controlling population size has its own limitations, some of 

which having been recognized by the authors. Adding a variable is only possible if a 

modeling study is being conducted, but in some cases standardized rates might be desirable 

for their own sake (e.g. creating a map of estimated victimization risk per regions). 

Moreover, our formulations suggest that if population size is to be added as a control factor, 

it should be added as an interaction variable for all the other factors being considered. 

Therefore, despite the fair issues raised by these authors, standardized crime rates are 

still a useful statistic for studying crime, and most of these issues (e.g. mismatch between 

crime counts and reference population) are accounted for by the GWRisk method proposed in 

this article. 

 

3.2.9 Summary 

The contents covered in this introductory section have presented in detail the diverse 

set of challenges involved in standardizing crime rates to estimate victimization risk. The 

following section, describes the major research on these problems up to now, with our 

proposed solution (the GWRisk method) being described in detailed in the Proposed Solution 

section. 

 

3.3 Literature Review 

There are many different challenges involved in estimating accurate victimization 

risks, including issues of data quality, choice of an adequate reference population, issues 



 76 

arising from dealing with small populations and the presence of multiple reference 

populations. All of these issues have been explored to some extent by previous research; 

however, an integrated approach to these problems is still lacking. In this section, we provide 

an overview of the previous research conducted on these topics.  

Issues on the reliability of the data used have been extensively discussed in the 

literature. One aspect of this data quality issue is what has been called the “dark figure of 

crime” (Biderman & Reiss, 1967; Radzinowicz & King, 1977), that is, by how much do 

police registers and other official records faithfully represent the real distribution of crime. 

Opinions on the significance of the dark figure have varied and are often grouped into two 

opposing stances, realist and institutionalist. In simple terms, realists sustain that this dark 

figure of crime is a problem, and that a complete picture of the crime phenomenon would be 

desirable, while institutionalists defend that crime can only have a “valid meaning in terms of 

organized, legitimate responses to it” (Biderman & Reiss, 1967). Research has been done on 

the different underreporting rates for different crimes – property crimes such as burglary and 

auto theft are more likely to be reported, while crimes of a more personal nature such as 

sexual and domestic violence have high rates of underreporting (Payne and Hutton, 2017). 

Another aspect related to data quality is on the effects of error in crime and 

population counts affecting the stability of estimated crime risks. This issue has been less 

often examined in the literature – Kafadar (1996) proposed a method of spatial smoothing for 

dealing with similar issues of uncertainty when calculating rates of cancer risk, which was 

then applied by Anselin et al. (2004) in a crime analysis application. Anselin et al. (2004) 

also proposed the alternative method of Empirical Bayesian Estimation for dealing with 

unstable rates. Similar approaches are used for dealing with small populations, as seen in 

Beato Filho et al. (2001) and Santos (2005). 
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The problems involved with choosing an appropriate reference population to estimate 

crime risk, what has been called the “denominator dilemma” (Ratcliffe, 2010), has also been 

the object of discussion among criminologists for at least several decades. The work of 

Boggs (1965) is usually considered to be the first to more systematically investigate the 

problem of choosing a reference population, and a more recent review of the problem is that 

by Solymosi (2017). Using reference populations other than resident population has been 

suggested by different authors, such as number of households for burglary (Rengert, 1981), 

and number of vehicles for vehicle theft (Stipak, 1988). More recently, advances in 

technological tools and data availability have enabled more realistic reference populations to 

be used, with Andresen (2005) using the LandScan Global Population Database to estimate 

the ambient population (i.e. number of pedestrians), which can then be used as a reference 

population for estimating street robbery risk. 

Finally, as far as we are aware, the problem of dealing with multiple reference 

populations has not been dealt with in the way expressed in section 3.2 (Theoretical 

Specification of the Problem), in which separate risks for each reference population are 

estimated. In the literature, the problem of using multiple reference populations for the same 

crime has been approached by combining these different populations into one index, which is 

then used as the single reference population (Pettiway, 1985). The cases, however, are 

fundamentally different: combining multiple reference populations into one index assumes 

that each of these populations are valid (though imperfect) proxies of a true, latent and unique 

reference population appropriate for the type of crime being investigated; on the other hand, 

in the multiple reference population case, these populations are assumed to be different and 

independent. Therefore, this approach of combining different population metrics into one 

index is more related to the problem of a mismatch between reference population and crime, 

and to the problem of uncertainties in the reference population. 
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3.4 Proposed Solution 

Our approach estimates victimization risk by fitting a Geographically Weighted 

Regression model to explain the variation of crime counts as a function of the reference 

population being considered. In this framework, the fitted geographically varying regression 

coefficient associated with the reference population can be interpreted as an estimate of the 

victimization risk. Therefore, we call our proposed approach the GWRisk method. The 

second subsection presents a simulation study to test and compare the efficacy of our 

approach compared to other competing methods. Finally, the third and last subsection 

presents an application of our method to a real data set, in which residential burglary rates are 

estimated for the city of Belo Horizonte, Brazil. 

  

3.4.1 Theoretical foundations of the GWRisk method 

Starting with Equation 3-2 and Equation 3-6, the relation between the observed crime 

count, the observed size of the reference population and victimization risk can be expressed 

as: 

 

 𝐶 = 𝑅𝑃∗ − 𝑅𝜀V + 𝜀U + 𝜖      (3-19) 

 In a more general case, if there are 𝑛 disjoint sets of reference population 𝑆V;, each 

with their risk R� and their disjoint set of crime events 𝑆U; such that: 

 

 𝑆U; ∩ 𝑆U> = ∅;					∀𝑖 ≠ 𝑗; 				𝑖, 𝑗 ∈ 1…𝑛     (3-20) 

 

 and with their union being represented as: 
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 𝑆U = 𝑆U� ∪ 𝑆U� ∪ …∪ 𝑆U�      (3-21) 

 

 such that: 

 

 𝐶 ≡ 𝑆U = 𝑆U� ∪ 𝑆U� ∪ …∪ 𝑆U� = 𝑆U;
-
68,    (3-22) 

 

then the relation between each crime count, observed population size and risk for each 

set 𝑖 is: 

 

 𝐶6 = 𝑃6∗𝑅6 − 𝑅6𝜀V,6 + 𝜀U,6 + 𝜖6     (3-23) 

 

 and the crime count C for the union of all sets is: 

 

 C = P�∗R� − R�ε�,� + ε�,� + ϵ��
�8,       (3-24) 

 

 Finally, this can be rearranged as: 

  

 𝐶 = 𝑃6∗𝑅6-
68, + 𝛿       (3-25) 

  

with 

  

 𝛿 = −𝑅6𝜀V,6 + 𝜀U,6 + 𝜖6-
68,      (3-26) 
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so that, if we have multiple samples with the same 𝑅6, we can estimate 𝑅6 by Ordinary 

Least Squares regression 

 

 𝐶	~ 𝑃6∗𝑅6-
68,         (3-27) 

 

 In cases for which the values for 𝑃6∗ are only known for a few 𝑘 ≤ 𝑛 subsets, the same 

approach can still be used. Equation 3-10 can be rearranged to: 

 

 𝐶 = 𝑃6∗𝑅6:
68, + 𝛿:�-      (3-28) 

 

 with 

 

 𝛿:�- = −𝑅6𝜀V,6 + 𝜀U,6 + 𝜖6:
68, + 𝐶6-

68:],    (3-29) 

 

 which allows the following regression to estimate risks 𝑅, …𝑅:: 

  

 𝐶	~ 𝑃6∗𝑅6:
68,         (3-30) 

  

 In most practical applications, though, 𝑅6 will rarely be the same across samples. 

However, if the samples are geographically close, they can be expected to be similar due to 

the First Law of Geography. Moreover, Geographically Weighted Regression can be used to 

estimate parameters in a linear model while allowing for the coefficients to gradually vary 

across different locations. Therefore, GWR can be used to estimate a spatially varying 𝑅6, 
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providing for every sample an expected value 𝑅6 for the risk and a standard error 𝜎6 in the 

form of fitted (geographically varying) linear coefficients13.  

 

3.4.2 Validation through a simulation study  

In real world applications, we often do not know the actual crime rates being 

estimated, and as such, it becomes difficult to directly evaluate the performance of our 

proposed methodology in these situations. While the theoretical basis for using GWR for 

estimating was provided in the former section, a more empirical test is described here. 

Therefore, the alternative is to test the proposed method under a controlled simulated case 

study. In this research, we conducted two controlled studies, the first using only one 

reference population (and one victimization risk), and the second using two reference 

populations (each with a different victimization risk map). The following details are valid for 

both studies. 

Starting with a known predefined set of reference populations	𝑃 and victimization 

risks 𝑅, an observed crime count C can be simulated following the formulation from 

Equation 3-2 through Equation 3-8, which is summarized below:  

 

 𝐶 = 𝑉 + 𝜀U         (3-31) 

 

 where  

 

 𝑉	~	𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑝 = 𝑅, 𝑛 = 𝑃)     (3-32)  

                                                
13 Notice, however, that if there is systematic underreporting as discussed in subsection 3.2.3  
(“Uncertainty in the number of crimes considered”), then the fitted linear coefficients will be 
an estimate of 𝑓𝑅6, that is, the true risk multiplied by the underreporting rate. 
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 and 

  

 𝜀U	~	𝑁𝑜𝑟𝑚𝑎𝑙(𝑚𝑒𝑎𝑛 = 0, 𝑠𝑑 = 𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛_𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟)  (3-33) 

 

Random number generators are used to simulate random variables following the 

desired distributions. Observed reference population counts were also simulated, by adding 

errors to the reference populations: 

 

 𝑃∗~	𝑁𝑜𝑟𝑚𝑎𝑙(𝑚𝑒𝑎𝑛 = 𝑃, 𝑠𝑑 = 0.01 ∗ 𝑀𝑒𝑎𝑛(𝑃))   (3-34) 

 

These errors are randomly generated using a Normal distribution with a mean of zero 

and a standard deviation equal to 1% of the mean value for the reference population (the 

value of 1% was used because it is of similar magnitude to the estimated standard error of 

Census estimates). 

Having C and P*, the victimization risks are then estimated using three different 

approaches: the naïve approach of dividing the crime counts by the observed population; our 

proposed GWR method, and by using local Empirical Bayesian Estimators14. These 

estimated risks can then be compared to the known original risk by calculating the R-squared 

of fitting one of the estimates against the original risk in an Ordinary Least-Squares Model. 

The goodness of fit, therefore, is an indicator of how good each method was in estimating the 

victimization risk for that particular set of victimization risks and reference population. 

                                                
14 Notice that in a case with two reference populations, the naïve risk 𝑅6 is calculated as the 
crime count for all reference populations 𝐶 divided by the observed size of the reference 
population 𝑃6∗, which leads to some specific problems explored Section 1. The same is the 
case when using the Empirical Bayesian Estimator method. 
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It can be expected that this goodness of fit would depend (at least in part) of the 

particular maps of victimization risk and reference population that were used, as well as the 

error magnitude involved in generating the observed crime counts. Therefore, we test each 

method using different inputs of risk, population and error. 

In this paper, we generate maps of victimization risk and reference population using a 

geospatial simulation process which allows the creation of partially random maps with some 

degree of spatial correlation, defined by a variogram. This is important since real population 

maps normally exhibit some spatial structure, and the same can be expected from 

victimization risk per the First Law of Geography. 

Therefore, to evaluate the efficacy of our GWR method compared to others, we 

conducted the simulation study for different variograms. Since there is a vast combination of 

potential parameter values for these variograms, we started with a set of initial base 

parameters and then tested the sensitivity of each method while varying each parameter 

individually. The base parameter values were set to be approximately the same as those from 

the real-world dataset used in the following section, for residential burglaries in the city of 

Belo Horizonte, Brazil. In addition, since different maps can be generated for the same set of 

variogram parameters, we ran the simulation test multiple times for each set of parameter 

values, so that the mean fitness scores (and standard errors) could be calculated. The list of 

particular parameter values used is listed in the Results section along with the corresponding 

fitness values for each method, and the pseudo-code for these simulations studies can be 

found in Appendix C. 

 

3.4.3 Real-world application 

 Finally, we present a real-world application of our proposed method by estimating 

residential burglary risk in the city of Belo Horizonte, Brazil. Risk of residential burglary is 
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estimated for two reference populations: single family houses and residential apartments. 

Data used in this part consists of geocoded point data for each individual residential burglary 

(44,560 points in total), as well as for each individual single-family house (206,281 points) 

and residential apartment (278,160 points). These point sets were then aggregated using a 

regular lattice with 100 rows and 76 columns, each areal unit being a square of 278.75 m of 

side approximately. The dimensions for the grid were determined by the method described in 

Chapter 2, with this granularity providing a balance of robustness to error and internal 

uniformity to the crime. Having these grids for crime counts and reference populations, the 

risks can be estimated through the GWRisk method or others. In the Results section, we 

compare the risks estimated using three different methods: naïve standardization, the 

GWRisk method and local empirical Bayesian estimation. 

 

3.5 Results 

3.5.1 Simulation study with one reference population 

The following Table 3-1 lists the fitness score of estimated risk for each of the three 

methods employed: the naïve method, the GWRisk method, and the local Empirical Bayes 

method. 

 
Parameter 

 

 
Fit for estimated R 

 
Range 
(R1) 

Range 
(P1) 

Partial 
sill (P1) 

Nugget 
(P1) 

Residual 
 

Fit 
(naïve) 

Fit 
(GWRisk) 

Fit 
(Bayes) 

50 7 16,500 1,250 15% 0.17 0.66 0.46 
50 7 16,500 2,500 15% 0.11 0.65 0.37 
50 7 16,500 5,000 15% 0.13 0.71 0.43 
50 7 16,500 10,000 15% 0.17 0.71 0.48 
75 7 16,500 1,250 15% 0.13 0.65 0.39 
25 7 16,500 1,250 15% 0.17 0.68 0.46 
10 7 16,500 1,250 15% 0.17 0.57 0.50 
5 7 16,500 1,250 15% 0.23 0.39 0.50 

50 3.5 16,500 1,250 15% 0.12 0.73 0.42 
50 14 16,500 1,250 15% 0.16 0.60 0.44 
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50 28 16,500 1,250 15% 0.26 0.59 0.55 
50 56 16,500 1,250 15% 0.40 0.57 0.60 
50 7 10,000 1,250 15% 0.18 0.66 0.52 
50 7 20,000 1,250 15% 0.14 0.69 0.44 
50 7 40,000 1,250 15% 0.12 0.71 0.34 
50 7 80,000 1,250 15% 0.09 0.68 0.28 
50 7 16,500 1,250 5% 0.32 0.68 0.76 
50 7 16,500 1,250 25% 0.08 0.63 0.20 
50 7 16,500 1,250 50% 0.03 0.65 0.06 
50 7 16,500 1,250 100% 0.01 0.54 0.02 

 

Table 3-1 - Results of the simulation study with one population, showing the fitness 

scores for estimated risk calculated using three different methods (naïve, GWRisk, and 

Empirical Bayesian Estimator), and using different parameters for generating maps of true 

risk R and reference population P. 

As the table shows, the risk calculated using our proposed GWR method provides a 

better estimate than the other two in most cases. In a few cases, using an Empirical Bayesian 

Estimation provides a better estimate, but, even then, the quality of the estimate using GWR 

is comparable. Naïve estimation, on the other hand, provides a worse estimate in all cases 

tested. 

Table 3-2 summarizes those results, showing the mean, standard deviations, and 

coefficient of variation of the parameters used and the resulting fitness scores. Notice how 

our GWR method not only has the greatest mean fitness score, but also has the lowest 

coefficient of variation. This coefficient of variation is also significantly smaller than the 

coefficient of variation for the parameters tested. Therefore, we can conclude that, in this 

simulated experiment, not only is the risk estimated via the GWRisk method significantly 

better that the other options, it is more robust to parameter variations than the other methods.  
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 Mean Std. Dev. Coef. Var. 
Parameter    
Range (R) 45.75 15.41 34% 
Range (P) 10.68 11.77 110% 
Partial sill (P) 20,700.00 15,019.64 73% 
Nugget (P) 1,937.50 2,086.73 108% 
Residual 20% 21% 101% 
Fit for estimated R    
Fit (naïve) 0.16 0.08 52% 
Fit (GWR) 0.61 0.08 14% 
Fit (Bayes) 0.42 0.16 39% 

 

Table 3-2 - Summary of simulation study with one population, showing the mean 

values of each parameter and the corresponding fitness scores for each method, as well as the 

standard  

 Finally, Figure 3-1 illustrates a set of simulated maps for true victimizations risk, 

reference population and crime counts, and the corresponding estimated victimization risk 

using each method (naïve, GWRisk, and Empirical Bayesian Estimator methods). The figures 

exemplify how naïve standardization can lead to sharp peaks in some of the estimated values, 

peaks that are also observed using the Empirical Bayesian Estimator method, but eliminated 

when using the GWRisk method. A detailed comparison between these estimates is provided 

in Appendix D and Appendix E.  
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Figure 3-1- An example case showing maps for simulated reference population, 

(true) victimization risk and crime counts, as well as the estimated victimization risks using 

each of the three methods considered: GWRisk, naïve estimation, and the Empirical Bayes 

Estimator method. 

 

3.5.2 Simulation study with two reference populations 

The summary of the results for the simulation study with two reference populations is 

shown in Table 3-3. Tables with the individual values tested is included in Appendix D 

(Table 6-2 and Table 6-3). Notice that, as in the study with one reference population, the 

GWRisk method not only provides a better mean fit, but that fit is more robust to variations 

in the parameter values (i.e. smallest coefficient of variation among the three methods tested). 

 

 Mean Std. Dev. Coef. Var 
Parameter 

Range (R1) 47.64 11.56 24% 
Range (P1) 9.04 8.87 98% 
Partial sill (P1) 18833.33 11266.89 60% 
Nugget (P1) 1631.94 1576.03 97% 
Range (R2) 12.92 12.67 98% 
Range (P2) 33.88 7.33 22% 
Partial sill (P2) 174375.00 48518.68 28% 
Nugget (P2) 56187.50 15633.80 28% 
Residual 18% 15% 86% 
Fit for estimated R1 
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Fit (naïve) 0.01 0.02 147% 
Fit (GWR) 0.67 0.07 11% 
Fit (Bayes) 0.02 0.03 148% 
Fit for estimated R2 

Fit (naïve) 0.01 0.00 47% 
Fit (GWR) 0.28 0.08 29% 
Fit (Bayes) 0.01 0.01 48% 

 

Table 3-3 - Summary of simulation study with one population, showing the mean 

values of each parameter and the corresponding fitness scores for each method, as well as the 

standard deviation and coefficient of variations for these parameters and fitness scores. 

 
3.5.3 Estimating risk in a real-world application: residential burglaries in Belo 

Horizonte, Brazil 

The GWRisk method was used to estimate risk of burglary in the city of Belo 

Horizonte, Brazil. We also compared the risks estimated using the naïve method and the 

Empirical Bayesian Estimator method. 

In Figure 3-2, the input data is shown, i.e. the maps for residential burglary counts, 

number of single-family houses, and number of residential apartments. 

 

 

Figure 3-2 - Maps showing the number of residential burglaries, single-family houses 

and residential apartments. 
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 The estimated risks using each of the three methods shown in Figure 3-3. Notice how 

risk estimated with the naïve method and the Empirical Bayesian Estimator method feature 

multiple peaks, including areas with burglary risk as high as 25 burglaries per single-family 

house or 40 burglaries per residential apartment. These peaks are probably spurious, since 

these are more present in areas with small reference populations. On the other hand, the risk 

maps estimated with the GWRisk method do not feature these (probably spurious) peak, 

yielding smoother and easier to interpret maps. 
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Figure 3-3 - Estimated victimization risks of burglary for single-family houses and 

residential apartments, calculated using each of the three methods tested. 

 

3.6 Conclusion 

Standardized crime rates are useful for crime analysis, providing an estimate of 

victimization risk, but also involve multiple challenges. In this paper, we not only provided a 

systematic overview of these challenges, but presented a new method for tackling these 

problems. Our proposed method, named GWRisk, uses Geographically Weighted Regression 

to estimate victimization risk by fitting a GWR model to explain crime counts varying as a 

function of a set of reference population sizes. In this framework, the fitted geographically 

varying coefficients associated with the reference populations can be interpreted as an 

estimate of the victimization risk. The theoretical foundations of our method were detailed, 

and a controlled simulation study was conducted to compare the performance of the GWRisk 

method with the other two methods, i.e., the naïve standardization method and the local 

Empirical Bayesian Estimator method. The results of our simulation study showed that, most 

cases tested, the GWRisk method performed best. We also showed an application of the 

GWRisk method to a real-world dataset, estimating residential burglary risks for the city of 
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Belo Horizonte, Brazil. As in the simulated studies, the use of GWRisk provided smoother 

risk maps, contrary to the maps generated by the other two methods, which featured a series 

of peaks of risk (generally at locations with small population counts, and, thus, probably 

spurious). 
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Chapter 4  Modeling the role of income inequality in 

the spatial distribution of crime 

 

4.1 Introduction 

The relationship between crime and income inequality is complex and controversial. 

While there is some consensus that a relationship exists, the nature of it is the subject of 

much debate, which is further intensified by its relevance to the public debate – the political 

realm included. In this paper, we investigate this relation in the context of urban geography: 

does income inequality explains the geography of crime within cities? 

This question has been relatively overlooked and a satisfying answer is still absent. 

Few spatial theories of crime have included income (or a related factor) as a central element 

to their formulations, and in those that have, the specific aspect of inequality is not directly 

addressed. In the criminological theories that do examine the role of income inequality, the 

geographical aspect is absent or at least not explicitly manifest or investigated (more on the 

current state of art will be discussed in the Literature review section). 

Any attempt to provide an answer to the question will be faced from the start with 

some conceptual challenges. On one hand, there is diversity in the types of crimes, each often 

with its peculiar dynamic and different spatial pattern. On the other hand, there is the issue of 

income inequality as one aspect of the more general phenomenon of social inequality, 

including also ethnic, gender, religious and other types of inequality. It is, therefore, fair to 

ask whether the relation between the geography of crime and inequality is properly specified 

or if it is too ambiguous. One strategy for dealing with such multilayered conceptual richness 
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is to address first a very specific rendition of a question, and to use the answers as a stepping 

stone to approach the more general topic. This is the strategy guiding our study. 

This research proposes a model to test whether and how income and its unequal 

distribution can explain the geography of residential burglaries within a city, while taking 

account of other factors potentially relevant to crime. While a relationship between income 

inequality and crime has been indicated by some studies, there still much controversy and a 

connection at a within-city scale is unclear. The model is tested for the case of residential 

burglaries in the city of Belo Horizonte, Brazil. More specifically, we aim to answer the 

following three questions with our model: 

 

1- What is the independent effect of local average income level on local burglary 

risk? 

2- What is the (independent) effect of higher exposure to poverty on burglaries? 

3- What is the scale at which this exposure is most relevant?  

 

Burglary was chosen since, as a type of property crime, it has potentially a more 

straightforward connection to income and related matters. Furthermore, since the targets of 

burglary are not only explicit in space, they are also unmoving (i.e. the residences are usually 

fixed at location), so examining the spatial distribution is a less ambiguous task. 

The area of choice for this study is the city of Belo Horizonte, Brazil, the third largest 

city of the country in terms of metropolitan population. For the purposes of studying the 

relationship between crime and income inequality, Brazil is an ideal case. The country not 

only ranks among the highest in violent crime, but also among the highest in income 

inequality. The relation between crime and inequality is often invoked in the national public 

debate, often as a given (in sharp contrast with the academic view), which is understandable 
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given that a lot of violent crime, including drug related crime, occurs in the favelas (a term in 

Brazilian Portuguese roughly equivalent to a slum), the poorest communities within many of 

this country’s cities. A closer look at the phenomenon of urban crime, however, reveals that 

the relationship might be more complicated, and different types of crime feature drastic 

differences in terms of their geography. 

Within Brazil, Belo Horizonte is an adequate choice of city: the problem of urban 

crime is more prevalent it Brazil’s larger cities, and among those (in which Belo Horizonte 

ranks as the third) Belo Horizonte demographic profile is that which best matches the 

national average. Despite being originally a planned city, its urban structure matches better 

that of other larger Brazilian cities, in marked contrast to Rio de Janeiro and its unique 

landscape, the formal urban design of Brasília, or the sheer magnitude of São Paulo. 

 

4.2 Literature review 

 Crime research has studied the relation between crime and socioeconomic conditions 

since its early days (Guerry, 1838; Quetelet, 1842). Nevertheless, the specific relation 

between crime and income inequality is still controversial (for instance, contrast Fajnzylber 

et al., 2002, and Neumayer, 2005; see also Enamorado et al. 2016; Kelly, 2002, and 

Pridemore, 2008). The following sections details some key studies on the topic. We start with 

a brief description of the main theories that connect crime and income inequality; then, an 

overview of the main theories explaining the spatial properties of crime are provided. Finally, 

we explore how these different theories could support a connection between income 

inequality and the spatial distribution of crime, including an overview of the existing 

empirical tests for such a connection at a within-city scale. 
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4.2.1 Theories relating crime and income inequality 

Strain Theory (Merton, 1938) is one of the criminological theories that most clearly 

models the relationship between income inequality and crime. According to the theory, 

criminal motivation would be caused or intensified by the experiences of inequality in which 

income inequality would be one of the dimensions. More specifically, individuals at lower 

levels of a social hierarchy perceived as unequal and unfair would be more prone to 

frustration and other forms of stress, which could then escalate to criminal behavior. Crime, 

therefore, would be an emotionally-driven response to income inequality. Another similar 

explanation can be found in Relative Deprivation Theory (Eberts & Schwirian, 1967), in 

which crime is explained as the result of frustration from individuals living in conditions of 

inequality (economic inequality included). 

Contrasting with this emotionally-driven explanation, the Economic theory of crime 

(Becker, 1968; Ehrlich, 1973) models the decision to engage in criminal activity as a rational 

decision of weighting gains and costs. Under this framework, more unequal societies would 

increase both the demand and the supply sides of the equation, not only creating more need 

for alternative ways of gaining money via crime but also increasing the amount of 

opportunities. In other words, more unequal societies would increase the number of goods 

that can be robbed, as well as the number of people who might resort to robbery. 

Income inequality is also partially significant in Social Disorganization Theory (Shaw 

& McKay, 1942), according to which higher levels of crime in a neighborhood can be 

attributed to poverty, high residential turn-over and ethnic heterogeneity. As the theory 

proposes, high residential turn-over and ethnic heterogeneity make more difficult the 

formation of local social bonds, leading to social disorganization and undermining informal 

social control on crime. The role of poverty, however, is less straightforward: poor 

communities will tend to have higher residential turn-over, since residents will want to move 
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out as soon as they can. This would also lead to these neighborhoods being those more likely 

to receive residents of various ethnic groups: residents, if given a choice, would prefer to live 

closer to members of their own ethnic group, but residents moving to poor neighborhoods 

often do so not by choice. It is worth noticing then that, while the theory traditionally refers 

to poverty as a factor behind social disorganization and crime, relative deprivation can be 

considered the effective mechanism, since the poorest neighborhoods are the ones that will be 

most subject to social disorganization, not simply the poor. 

Finally, income has a presence in Routine Activities theory (Cohen & Felson, 1979), 

which explains the variation of crime rates in terms of changes in routine patterns. As the 

theory explains, a crime happening requires the convergence in space and time of three 

elements: a motivated offender, a suitable target and the absence of a capable guardian. 

Therefore, any changes in the flows and frequencies of these elements could affect crime 

rates. Variations of income, more specifically, could affect the propensity of individuals to go 

out at night for leisure, which could either increase both the frequency of bar fights and 

burglaries (since homes would be vacant more often). Higher income can also increase the 

ability of individuals to buy and accumulate goods such as expensive electronics, which 

would increase the profitability of burglaries. Routine activity theory can, therefore, explain 

why crime would increase at a time of economic growth. 

 

4.2.2 Spatial theories of crime 

There are multiple criminological theories that attempt to explain the spatial character 

of crime, that is, its distribution at different scales, some of which have already been 

mentioned in the former section. 

For instance, Social Disorganization Theory has a spatial aspect in that the 

neighborhoods that tend to feature poverty, ethnic heterogeneity and high residential turn 
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over are predicted to be located in what is called the zone of transition within a Concentric 

Zones model of the city (Park et al., 1925). This zone of transition, the region between the 

central business district and outer residential rings, is described as being at the frontier of the 

central business district’s growth, and thus would be more typically suffering from 

neighborhood degradation and the problems related to that (crime included). In short, Social 

disorganization theory predicts crime to be concentrated in inner city areas because these are 

more prone to the processes of neighborhood degradation inherent to a city’s growth15. 

In Routine Activities theory, the spatial aspect is also present in that for a crime to 

occur, both target and offender have to converge in space and time, and a capable guardian 

must also be absent. This idea is modelled more explicitly by Crime Pattern Theory, in which 

the spatial distribution of crime is modeled in terms of the Awareness space of the offender. 

According to the theory, an offender’s decision to commit a crime and select targets would be 

shaped according to areas with which they are more or less aware. These, in turn, would be 

dependent on the offenders’ routines, including places like home, work, malls (collective 

called “activity nodes”) as well as the routes connecting these nodes (“paths”). A similar 

framework is employed by Journey to crime theory, in which cluster and direction analysis 

                                                
15 It should be noted that this specific Concentric Zones urban model is more applicable to 
North American cities and different patterns might be observed in other regions of the world. 
For instance, in many South American cities, the pattern is often inverted: upper and middle 
classes concentrating in more central areas, and peripheral areas featuring more poverty or at 
least less investment, with some exceptions being higher income gates neighborhoods in the 
outskirts of cities and certain degraded parts of city centers (Borsdorf et al., 2007; Borsdorf, 
2003; Griffin & Ford, 1980). Furthermore, even in North America, different patterns of urban 
growth and structure have been observed since the model’s first conception in the early 20th 
century (Hoyt, 1939; Harris & Ullman, 1945). This, by itself, should not necessarily 
invalidate the applicability of Social Disorganization theory to explain crime in cities outside 
North America, but would mean that areas of high social disorganization would appear in 
different regions of a city if the urban dynamics area different. 
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are used over a set of crime points considered to be perpetrated by the same offender in order 

to estimate the likely home or base location of the offender. 

Finally, Criminology of Place analyzes crime and its concentration in specific micro-

geographic places. Studies in this line of research have analyzed how certain specific street 

segments account for a great portion of crimes (with these high rates being stable over the 

years), and whether these are tied to specific facilities like shops, bars, public transportation, 

and others. 

 

4.2.3 Income inequality and the geography of crime 

While income and income inequality are featured in several criminological theories, 

their spatial effects (at an intra-city scale) are usually not explicitly stated or tested. In a 

similar way, the role of income is not clear in the most spatially explicit theories of crime. 

Different plausible combinations of the aforementioned theories could be invoked to propose 

a spatial effect based on income inequality: locations with greater exposure between different 

income groups might produce greater strain (Strain Theory) leading to higher crime rates; or 

perhaps, proximity between neighborhoods of different income groups could enhance the 

economic flow of crime modeled by the economic theory of crime. Nevertheless, not only 

have empirical studies so far disagreed on the relation between crime and income inequality, 

but only a reduced number of studies have tested this relation at an intra-city scale, most 

notably Wang & Arnold (2008), Hipp (2007) and Hipp et al. (2009)16. Therefore, the relative 

small number of empirical studies investigating this topic, coupled with its general relevance 

to the public would justify additional studies on the topic. Furthermore, it is also important to 

                                                
16 Most studies relating crime and income inequality have examined it at macro-geographic 
units such as whole cities, counties, states and countries (Coccia, 2017a; Coccia, 2017b; 
Enamorado, 2016; Kennedy et al., 1998; Brush, 2007; Doyle et al., 1999; Stack, 1984; 
Fajnzylber et al., 2002; Choe, 2008) 
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point out that these few existing studies have some limitations which are covered by this 

present study. In Wang & Arnold (2008) and Hipp (2007), local household income was not 

included as an explanatory variable alongside income inequality, and therefore an income 

inequality metric could be acting as an unintentional proxy for local average income. Metrics 

for both income inequality and average income are included in Hipp et al (2009); however, in 

that study, burglary was not investigated, and only one spatial scale (census tract) is used for 

measuring inequality. 

Finally, it is worth discussing Social Disorganization Theory (and theories directly 

inspired by it such as Collective Efficacy) as a theory in which distribution of income 

features explicitly as a key element in explaining the spatial concentration of urban crime. As 

explained earlier in this Literature Review, within that framework poverty is concentrated in 

specific parts of town (typically the inner-city regions), with those areas having higher crime 

rates. Nevertheless, not only is the connection between poverty and crime indirect, with 

poverty leading to greater residential turn-over, lower investment, and subsequently higher 

disorganization (and then crime), but inequality itself plays no role in explaining crime. In 

other words, while Social Disorganization Theory features as a theory explaining how 

income explains the geography of crime in cities, it does not address the effects of inequality 

per se. 

 

4.2.4 Summary 

 As outlined in this section, the role of income inequality in explaining crime patterns 

within cities is still unclear. While income and income inequality have been featured in 

different criminological theories, the spatial aspect is often not explicitly modelled. 

Contrasting with that, in theories that explicitly model crime in its spatial distribution, 

income and income inequality are not explicitly considered. Yet, a potential spatial 
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connection between income inequality and crime can be logically inferred from these 

theories: in general, if crime is a product of (or increased by) inequality, then parts of a city 

with higher inequality can be expected to feature greater crime rates. The objective of this 

study is to investigate this potential connection. 

 

4.3 Methodology 

4.3.1 Model description 

The first question of this study concerns how much local burglary risk depends on 

local income levels. If we assume this hypothetical relation to be linear, in quantitative terms 

it can be expressed as 

 

 𝑅6 = 𝑎6𝐼6 + 𝑜6        (4-1) 

 

with 𝑅6 being the rate of burglary per residence, 𝐼6 the average household income, 𝑎6 

the elasticity of 𝑅6 in relation to 𝐼6 and 𝑜6 the component of 𝑅6 that is independent of 𝐼6, all 

considered for a location 𝑖. 

 

Our second question concerns whether this relation between burglary risk and higher 

income is itself linearly dependent on the local exposure to poverty: 

 

 𝑎6 = 𝑏6	𝐸6 + 𝑐6        (4-2) 

 

 with 𝐸6 being the exposure to poverty, 𝑏6 the elasticity of 𝑎6 in relation to 𝐸6 and 𝑐6 

the component of 𝑎6 that is independent of 𝐸6, all considered for a location 𝑖. 



 104 

By combining Equation 4-1 and Equation 4-2, we have: 

 

 𝑅6 = 𝑏6	𝐸6 + 𝑐6 𝐼6 + 𝑜6 = 𝑏6𝐸6𝐼6 + 𝑐6𝐼6 + 𝑜6    (4-3) 

 

Finally, our third question concerns the scale at which exposure is most relevant. 

There are multiple ways that exposure can be defined and measured in the literature. In this 

study, we are interested in exposure to poverty as a metric representing “how many poor 

residences are nearby”, with the question of the scale of exposure being the question of what 

is nearby. With that general idea as a goal, exposure to poverty at location 𝑖 is then calculated 

as: 

 

 𝐸6 = 𝑊6?𝑃?-
?8,        (4-4) 

  

 where 𝑊6? is a weight factor defined as: 

 

 𝑊6? =
1	𝑖𝑓	𝑑𝑖𝑠𝑡 𝑖, 𝑗 ≤ 𝜆
0	𝑖𝑓	𝑑𝑖𝑠𝑡 𝑖, 𝑗 > 𝜆      (4-5) 

   

 with 𝑃? being the number of poor residences at location 𝑗, 𝜆 a pre-defined threshold 

distance, and 𝑖 the location being considered for calculating E�.  

The notion of nearby, therefore is defined in a binary way, with all poor residences 

located within a bandwidth. By combining all the equations, we then have: 

 

 𝑅6 = 𝑏6𝐼6 𝑊6?𝑃?-
?8, + 𝑐6𝐼6 + 𝑜6     (4-6) 
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Finally, if we assume that the role of income inequality is the same across every 

location 𝑖 being considered, meaning that 𝑏6 and 𝑐6 are constant over space and can simply be 

denoted as 𝑏 and 𝑐, our final model is: 

 

 𝑅6 = 𝑏𝐼6 𝑊6?𝑃?-
?8, + 𝑐𝐼6 + 𝑜6     (4-7) 

  

Within this model then, the answer to our research questions are contained in the 

values of 𝑏, 𝑐 and 𝜆, as summarized below: 

 

𝑏  how much average income independently affects residential burglaries 

𝑐  how much exposure to poverty affects residential burglaries 

𝜆  range at which exposure becomes significant 

 

The following section explains how these values can be estimated. 

 

4.3.2 Calibrating the model  

If 𝜆 is known, and we assume 𝑜6 to follow a Normal distribution, then 𝑏 and 𝑐 from 

Equation 4-7 can be estimated via linear regression from 𝑅,	𝐼 and 𝐸 (using Equation 4-4 and 

Equation 4-5 to calculate 𝐸): 

 

 𝑅~𝑙𝑚 𝐼𝐸, 𝐼         (4-8) 
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 Since the value of 𝜆 is not known a priori, the algorithm below is used to estimate 𝑏, 𝑐 

and 𝜆. In short, the algorithm estimates 𝑏 and 𝑐 for a set of candidate 𝜆 values, choosing the 

final set of 𝑏, 𝑐 and 𝜆 from the model that provided the best fit (in a least-squares sense)17. 

  

  

 algorithm estimate_bclambda(lambda_candidates) 

  R2_candidates = [] 

  b_candidates = [] 

  c_candidates = [] 

 

  for each lambda in lambda_candidates do 

   E = calc_E(P,lambda) 

   regression_model = lm(R~IE,I) 

   append(R2_candidates,regression_model.R2) 

append(b_candidates,regression_model.b) 

   append(c_candidates,regression_model.c) 

  end_do 

 

  best_model = index_of_max(R2_candidates) 

  b_final = b_candidates[best_model] 

  c_final = c_candidates[best_model] 

lambda_final = lambda_candidates[best_model] 

 

return [b_final, c_final, lambda_final] 

 

                                                
17 Other fitness metrics can be used instead of the R-squared metrics, such as the F-score or 
the Akaike Information Criterion(AIC). As shown in section 4.6 (Results), at least in the 
study case here considered, the profile of fitness metrics obtained when varying the candidate 
𝜆 is similar for either R-squared, F-score or AIC, leading to the same final chosen set of 𝑏, 𝑐 
and 𝜆. 
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 end_algorithm 

 

 

4.3.3 Control variables 

 Under the model just described, any effects not related to income are modeled in the 

factor 𝑜6, which is assumed to be Normal in distribution for the purposes of calibration. Also, 

linear regression assumes that the 𝑜6 factor (treated as residual) is independent from the other 

explanatory variables (that is 𝐼 and 𝐼𝐸, from Equation 4-7), which might not be the case. This 

assumption not being valid impacts the estimated values for the regression coefficients 𝑏 and 

𝑐, and indirectly 𝜆 as well. 

 To tackle this issue, control variables can be included in the regression to account for 

portions of the variance not explained by the variables of interest in the study. As such, the 

regression step then becomes: 

  

 𝑅~𝑙𝑚 𝐼𝐸, 𝐼, 𝐶,, 𝐶¢, … , 𝐶:       (4-9) 

 

where 𝐶6 is the 𝑖-th control variable included, with 𝑖 varying from 1 to 𝑘. The control 

variables to be included are listed below (Table 4-1), including a brief description of why the 

variable was included. 

 

Variable Motivation (and source theory) 
Proportion of residences being rented Proportion of rented residences is used here 

as a proxy for residential turn-over. Under 
the framework of Social Disorganization 
Theory, higher residential turn-over is 
considered one of the factors leading to 
higher community disorganization, and 
ultimately higher crime rates. 



 108 

Proportion of land used for commercial 
establishments 

Commercial activity is hypothesized to be 
relevant under two different theoretical 
frameworks. Under Social Disorganization 
Theory, higher mixing of commercial with 
residential may lead to higher community 
disorganization, and therefore, higher crime 
rates18. Under Routine Activity Theory, 
higher presence of commercial activity 
would affect the flow of people in the 
region, possibly increasing the presence of 
potential offenders or potential informal 
guardians. 

Number of bus stops Number of bus stops is hypothesized to be 
relevant following the framework of 
Routine Activities Theory, in which the 
presence of bus stops affects (or is related 
to) the flow of people in the region, possibly 
increasing the presence of potential 
offenders or potential informal guardians. 
Within the framework of Crime Pattern 
Theory, the distribution of bus stops could 
work as a proxy for the aggregated activity 
spaces of individuals in a city. 

Betweenness centrality Similar to the number of bus stops, 
betweenness centrality could work as a 
proxy for modelling flow of people and 
their activity spaces, following the 
frameworks of Routine Activities Theory 
and Crime Pattern Theory. 

Land-use density (real-estate units per km2) Similar to the number of bus stops and 
betweenness centrality, land-use density is a 
potential proxy for modelling flow of 
people and their activity spaces, following 
the frameworks of Routine Activities 
Theory and Crime Pattern Theory. 

Distance to nearest police station Distance to the nearest police station is used 
as a proxy for police deterrence. Following 
Routine Activities Theory, for a crime to 
occur, a motivated offender and a suitable 
target must coincide in space and time with 
the absence of a capable guardian (i.e. the 
police). Greater distance to a police station 

                                                
18 This seems to be the most common understanding (Stucky & Ottensmann, 2009, p. 4), 
although some studies (Jacobs, 1993 apud Stucky & Ottensmann, 2009) will sustain that 
greater presence of commercial establishments would increase social cohesion (and, thus, 
decrease crime). 
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is assumed here to be a potential indicator 
for reduced police presence. 

 

Table 4-1 - List of control variables used, and their motivation. 

 

 It is worth mentioning that the focus of this study is not in investigating these control 

variables in specific, and they were included mainly to reduce the possibility that any 

observed effects of income and exposure to poverty on crime would be proxies for these 

other variables. 

 

4.3.4 Controlling for spatial autocorrelation 

 Finally, there is the issue of controlling for spatial autocorrelation, a problem that is 

present in any regression analysis with spatial data. In the current literature there is a 

diversity of approaches for dealing with spatial autocorrelation in regression analysis (Páez & 

Scott, 2004; Anselin et al, 2000). One approach is to model spatial autocorrelation in the 

regression model, leading to spatial autoregressive models such as the spatial lag and spatial 

error models. One difficulty with this type of approach is that it involves a choice for a 

specific way of modeling this spatial effect in order to control for it; this choice, on the other 

hand, relies on making an assumption about the phenomena being investigated, and there is 

the possibility that an incorrect model is chosen (see Stakhovych & Bijmolt, 2009; Anselin, 

2002). 

 The approach designed for this study is to subsample the original dataset so that the 

sample units are distant enough to be free of spatial autocorrelation, and then conduct the 

regression analysis. This way, the problem of having to choose a specific model for spatial 
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autocorrelation (and the potential bias involved) is avoided19. The distance at which spatial 

autocorrelation is considered to be absent is estimated from the range of the variogram 

generated from the original dataset for burglary risk (see Chilles, 2011 for more about 

variograms). Since multiple different subsamples are possible, the regression is conducted for 

a large (order of 1,000) number of different subsamples, with an average set of regression 

coefficients (and their significance) being estimated in the end. The following algorithm 

details this process: 

 

 

 algorithm subsampled_regression(regression_data,iterations) 

  variog = variogram(regression_data.y) 

  b_sub = vector(length=iterations) 

  c_sub = vector(length=iterations) 

  R2_sub = vector(length=iterations) 

  for i in 1 to terations do 

   sub = subsample(regression_data,dist >= variog.range) 

   sub_regression_model = lm(sub) 

   b_sub[i] = sub_regression_model.b 

   c_sub[i] = sub_regression_model.c 

   R2_sub[i] = sub_regression_model.R2 

  end_do 

  b = mean(b_sub) 

  c = mean(c_sub) 

  R2 = mean(R2_sub) 

                                                
19 There is a tradeoff: a smaller sample size is used which could lead to less accurate results. 
However, since the subsample in this case is still large enough (approximately 100 units) for 
doing reliable statistical inferences, this tradeoff can be considered mild compared to how a 
bias of choosing an incorrect spatial model would affect the estimated coefficients of the 
explanatory variables. 
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  return [b,c,R2] 

 end_algorithm 

 

 

4.3.5 Final remark on model design choices 

Finally, some specific design choices for the proposed model require additional 

justification. These design choices include opting to not use inequality metrics (such as the 

Gini coefficient, see De Maio, 2007 for an overview of these methods), or segregation 

metrics (such as the dissimilarity index, see Feitosa et al., 2007; Feitosa et al., 2004; Reardon 

& O’Sullivan, 2004; Atkinson, 1970) in the model. 

The reason is that this model is intended not only to investigate the relation between 

income inequality and the geography of crime within cities, but to do so within the specific 

theoretical framework in which higher income is expected to act as an attractor to crime, and 

surrounding poverty as a booster (the conceptual base for such hypothetical mechanism was 

described in the Introduction and Literature review of this chapter). Therefore, the model was 

designed to explicitly detect this dynamic. 

Using an income inequality metric like the Gini coefficient could lead to confounding 

results. Due to the nature of income distribution, with income being more concentrated at the 

upper end, the income gap between the middle-class and the rich is greater than the gap 

between the poor and the middle-class20. As such, areas mixing both rich and middle-class 

will tend to feature higher inequality indices than areas mixing poor and the middle class. 

This is even more important since areas mixing both rich and poor are fairly rare (at least in 

the case study considered), when compared to poor and middle-class areas, or rich and 

                                                
20 While this might not necessarily be true for every possible case, it is generally so, as seen 
in Atkinson & Piketty (2007); moreover, it is the case for the city of Belo Horizonte. 
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middle-class areas, which are more common. This creates an analytical problem, since in the 

theories relating crime and income inequality, poverty is an important component to income 

inequality; however, the main driver of high inequality from the perspective of the inequality 

metrics is high income. While this can be partially remedied by using percentiles (or other 

relative metrics) instead of absolute income when calculating income inequality, and by 

including mean income as a control, it remains difficult to discern whether a “high 

inequality” effect on crime is more related to great wealth than to great poverty. Therefore, 

this study opted for using income level and exposure to poverty as the variables, to facilitate 

the interpretation of the results. The same reasoning applies to the choice of not using 

segregation metrics described in the literature, being often difficult to distinguish whether a 

high segregation effect is more related to high income or low income21. 

 
4.4 Data 

4.4.1 Data sources 

Burglary 

Burglary data used in this study originates from boletins de occorência, reports made 

to the police (Policia Militar de Minas Gerais) in the year of 2010 for the city of Belo 

Horizonte. A total of 6,923 residential burglaries were reported to the police in this period in 

Belo Horizonte. These reports were geocoded into latitude and longitude, with an accuracy 

rate of 95% following the methodology proposed by Chainey and Ratcliffe (2013).  

 

Income data 

                                                
21 It is worth mentioning that the exposure to poverty metric was influenced by the concept of 
exposure developed in that literature, however, the different implementation was preferred 
for the reasons just described. 
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Income data used in this study comes from the Census of 2010 in Brazil. The finest 

unit in which data is organized and available are units called census sector (setores 

censitários), totalizing 3,936 census sectors in Belo Horizonte, with a median of 204 

households, 552 residents and 49,619.18 m2 in area. Income information is provided in 

different formats, two of which were used in this study. First, the total income for the whole 

census sector; second, the number of households per income per capita category within that 

census sector. The ten income categories used by the census are listed below (Table 4-2): 

 

 h Description (income per capita) 

1 Less than 1/8 of a minimum wage 

2 Between 1/8 and 1/4 of a minimum wage 

3 Between 1/4 and 1/2 of a minimum wage 

4 Between 1/2 a minimum wage and 1 minimum wage 

5 Between 1 and 2 times a minimum wage 

6 Between 2 and 3 times a minimum wage 

7 Between 3 and 5 times a minimum wage 

8 Between 5 and 10 times a minimum wage 

9 More than 10 minimum wages 

10 No income 

 

Table 4-2 - List of income categories from the census of Brazil (Censo 2010). 

 

Since the total number of households per census sector is also given, total income per 

census tract can then be used to calculate the average household income of the census sector, 
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which was then used by our model. Figure 4-1 maps the distribution of income in Belo 

Horizonte. The number of poor residences, also used in our model, was calculated by 

counting the number of residences in income categories 1 to 4, which approximates the range 

for the income classes D and E (the two poorer than middle-class), as defined by the 

Brazilian Institute of Geography and Statistics (IBGE, see Neri, 2011 for reference). In 2010, 

the minimum wage in Brazil was R$510 per month, approximately equivalent to U$ 300, 

using 2010’s average exchange rate. 

 

Figure 4-1- Average household income per capita (in Brazilian reais). 

Control variables 

 

Table 4-3 lists the sources for the data used as control variables, and type (areal, point 

or other). Figure 4-2 maps each of the control variables. 
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Variable Source Type 
Proportion of 
residences being 
rented 

Population census of Brazil, 
2010 (Censo 2010) 

Areal data (per census unit, 
then resampled to a uniform 
grid) 

Proportion of land-
use used for 
commercial 
establishments 

Real-estate taxes registry 
(IPTU) 

Point-data (then aggregated 
to uniform grid, and 
proportions estimated) 

Number of bus stops OpenStreetMap Point-data (then aggregated 
to a guniform grid) 

Betweenness-
centrality 

OpenStreetMap Point and segment data 
(processed to generate 
values of betweenness 
centrality and then 
aggregated to a uniform 
grid)  

Land-use density 
(real-estate units per 
km2) 

Real-estate taxes registry 
(IPTU) 

Point-data (then aggregated 
to a uniform grid, and 
density  estimated) 

Distance to nearest 
police station 

Geocoded from addresses 
provided in the police’s 
(PMMG) website 

Point-data for the police 
stations (then the distance to 
nearest station was 
calculated for each cell in a 
uniform grid) 

 

Table 4-3 - List of control variables used, and their source and data type. 
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Figure 4-2 - Mapping control variables. 

 

4.4.2 Unit of analysis 

 A grid of square cells with 500 meters on a side was used to map burglaries and other 

variables. A total of 1,195 units were used, out of a grid of 56 by 42 cells in which some had 

to be discarded since they were outside the city limits (our study area). Burglaries and other 
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point data were aggregated to appropriate cells, while areal data such as that from the census 

were interpolated. Figure 4-3 displays the map of burglary counts generated for Belo 

Horizonte. 

Since this study is ultimately concerned with understanding crime, the observed 

spatial patterns of burglaries was used as a guide to decide on the unit of analysis for the 

study. The methodology described in Chapter 2 was used to estimate a granularity that 

provided a balance between internal uniformity and robustness for the crime counts per areal 

unit, found to be 500 meters22. Internal uniformity is important to prevent problems due to 

the Ecological Fallacy: if crimes are not evenly distributed within an areal unit (that tends to 

happen when too coarse of a unit is used), crime counts will be masking internal diversity 

and be a poor indicator of crime likelihood. If areal units are too fine, however, crime counts 

will be less robust, and therefore a balance between the two criteria was sought. 

                                                
22 Notice that the best granularity is different from that estimated in Chapter 2, the reason 
being that in Chapter 2, burglaries from 2008 to 2014 were used, while here, only burglaries 
from 2010 were considered. Nevertheless, the variation in internal uniformity and robustness 
is relatively small between these two granularities, as can be seen from Figure 5-7 and 
Figure 5-8. 



 118 

 

 

Figure 4-3 - Burglary count for Belo Horizonte in 2010. Cell size used is 500 meters. 

 

4.4.3 Estimating robust rates of burglary per residence 

In this study, we employed the GWRisk method described in Chapter 3 to estimate 

rates of burglary per house and per apartment. The GWRisk method was shown to provide 

more reliable standardized estimates than other existing methods such as Empirical Bayesian 

estimation or simple division of burglary counts by number of residence, in specific, being 

less prone to generating spurious peaks in areas with small populations. Moreover, contrary 

to these other methods, it allows estimating separate standardized rates of burglaries per 

house and burglaries per apartment from plain burglary counts (not differentiated in terms of 

type of residence), as long as separate counts of apartments and houses are provided. Figure 

4-4 illustrates these maps of burglary risk. 
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Figure 4-4 - Maps of burglary risk for houses (left) and apartments (right) in Belo 

Horizonte (2010). 

 

4.5 Study area 

Belo Horizonte is located in the state of Minas Gerais, which borders the states of São 

Paulo and Rio de Janeiro, where the cities of the same name are located. Ranking as the third 

largest metropolitan area in Brazil (after São Paulo and Rio de Janeiro), the city proper of 

Belo Horizonte had in 2010 an estimated population of 2.375 million, with a demographic 

density of 7,167 people per square kilometer in an area of 331 square kilometers. According 

to the 2010 Census, from a total of 628,447 households in Belo Horizonte, 66.58 % are 

owner-housing units; 7.23 % are in the process of being purchased; and 18.06 % are rental 

housing units. There are 487 neighborhoods in Belo Horizonte including 215 favelas (slums), 

vilas (improved favelas), and other public housing spread throughout the city, accounting for 

approximately 20% of the household in Belo Horizonte. 

 

4.6 Results 

The estimated coefficients for average household income and exposure to poverty, 

varying with bandwidth size, as well as their corresponding p-values, are shown in Figure 4-
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5. Figure 4-6 shows how much the model fitness varies according to the bandwidth used: the 

graph on the left-hand side shows the R-squared value for the regression using different 

bandwidths, while the graph on the right shows the normalized values of three different 

fitness scores – R-squared, F-score, and Akaike Information Criterion – varying with the 

bandwidth. 

 

 

Figure 4-5 - Coefficient values (left) and their significance (right) varying with 

bandwidth, for the case of burglary risk for houses.  
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Figure 4-6 - Model fitness varying with bandwidth chosen, for the case of burglary 

risk for houses. To the left, the R-squared metric is shown; to the right, three fitness scores 

(R-square, F-score, Akaike Information Criterion), normalized in value, are compared. 

 

As can be seen from Figure 4-5, we find no statistically significant influence from 

exposure to poverty on burglary risk for houses, at any of the bandwidths tested. Average 

household income, on the other hand, shows a high statistical significance, with higher 

income being associated with higher burglary risks. On average, a 10% increase in wealth is 

associated with a 5% increase in burglary risk for houses (using standardized units). As seen 

from Figure 4-6, the regressed model showed greater least-squares fitness at two different 

local peaks, one for a bandwidth of 1,000 m, and one for a bandwidth of 8,000 m. Alternative 

fitness metrics used (F-score and Akaike Information Criterion) show a similar pattern. 

Nevertheless, R-squared values are very similar across bandwidths, and since exposure to 

poverty was observed to be not significant at any bandwidth, these differences of fitness can 

also be considered insignificant. 

Finally, Table 4-4 shows the coefficient for all variables used estimated using a 

bandwidth equal to 8,000 m, that which yielded the highest fitness overall. 

 

Variable Standardized coefficient p-value 
Average household income 0.4782948 0.09633432 * 
Exposure to poverty 0.1176405 0.7449263 
Proportion of residences 
being rented 

-0.09458062 0.652599 

Proportion of land-use used 
for commercial 
establishments 

0.006974763 0.9811022 

Bus stops 0.04087194 0.8617972 
Betweenness centrality -0.03537825 0.8603084 
Land-use density (real-estate 
units per km2) 

0.000834463 0.9977056 
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Distance to nearest police 
station 

-0.01891306 0.8773111 

 
R-squared 0.6107988 

 

Table 4-4 - Estimated model for burglary risk for single family houses: regressed 

coefficients and statistical significance of all variables used are shown, for a bandwidth of 

8,000 m (that which provided the highest fitness score). 

The same study was then repeated for burglary risk for apartments. Figure 4-7 and 

Figure 4-8 show the variation of fitness, coefficient value and p-values at the various tested 

bandwidths. 

 

Figure 4-7 - Coefficient values (left) and their significance (right) varying with 

bandwidth, for the case of burglary risk for apartments. 
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Figure 4-8 - Model fitness varying with bandwidth chosen, for the case of burglary 

risk for apartments. To the left, the R-squared metric is shown; to the right, three fitness 

scores (R-square, F-score, Akaike Information Criterion), normalized in value, are compared. 

 

In the case of burglary risk for apartments, neither average household income nor 

exposure to poverty were observed to influence risk in a statistically significant sense. In 

general, fitness tends to increase with the bandwidth; however, since the statistical power 

remains too weak, this bandwidth effect can be also considered insignificant. The regression 

coefficients and their statistical significance are shown in Table 4-5. 

 

Control variable Standardized coefficient p-value 

Average household income 0.1717768 0.5682183 

Exposure to poverty -0.1496601 0.6667372 

Proportion of residences 

being rented 

0.04697557 0.8319795 
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Proportion of land-use used 

for commercial 

establishments 

-0.03674683 0.8976192 

Bus stops -0.02846617 0.9016353 

Betweenness centrality 0.07614556 0.6844067 

Land-use density 0.05594488 0.8198754  

Distance to nearest police 

station 

-0.2371203 0.3029276 

 

R-squared 0.3124782 

 

Table 4-5 - Estimated model for burglary risk for residential apartments: regressed 

coefficients and statistical significance of all variables used, for a bandwidth of 9,000 m (that 

which provided the highest fitness score). 

Finally, based on these results, the answers to the specific questions investigated by 

this research (for the case of residential burglaries in Belo Horizonte) are the following: 

 

1- What is the independent effect of local average income level to local burglary 

risks? 

 

Average household income is positively related with burglary risk for houses. On 

average, a 10% increase in household income is related to a 5% increase in burglary 

risk for houses, using standardized units. On the other hand, average household 

income shows no statistically significant relation with burglary risk for apartments 
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2- What is the (independent) effect of higher exposure to poverty on burglaries? 

 

Higher exposure to poverty has no statistically significant effect on burglary risk for 

neither houses nor apartments. 

 

3- What is the scale at which this exposure is most relevant?  

  

Scale of exposure is irrelevant, since exposure at any scale was not observed to be 

significant, both for houses or apartments. 

 

4.7 Conclusion 

The tested model succeeded in explaining approximately half of the variance in the 

observed distribution of burglary risk for houses. The observed distribution of burglaries in 

Belo Horizonte appears to be significantly related to income, with the risk of burglaries for 

houses being higher in areas with higher average household income. For the case of 

apartments, however, a link was not found and the variance explained by the model was 

small. Nevertheless, although the positive link between burglary risk and income exists only 

for houses but not for apartments, burglaries of houses correspond to the majority of cases in 

Belo Horizonte, both in absolute counts and in a relative (per residence) sense, highlighting 

the importance of these findings. 

No evidence was found that exposure between different income groups increases 

burglary risk (neither for houses nor apartments). If local income level is fixed, increasing the 

local exposure of that area to poverty showed no significant effect on burglary risk. This was 
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true for different spatial scales of exposure. In other words, the burglary risk for a wealthy 

house is indifferent to whether there are poor neighborhoods nearby or not, at least in our 

study. While in a limited sense income inequality could be said to be connected to crime in 

that risk is different for different income groups, that is not usually the sense implied when a 

connection between inequality and crime is referred to. 

These results by themselves do not necessarily disprove the theories that connect 

crime to inequality in a general sense. However, they do show that there is no obvious 

observable connection between burglary risk and exposure among different income groups 

for the case of Belo Horizonte. Rather, if burglary tends to be more likely in higher income 

areas, but the presence of nearby poorer neighborhoods is irrelevant, that could plausibly be 

explained in terms of the distribution of opportunities: more income meaning more objects of 

value to be stolen. This theoretical explanation would also be consistent with houses being 

more at risk than apartments, since in Belo Horizonte (as in other Brazilian cities in general), 

residential apartments are generally considered safer, more often featuring security 

mechanisms such as doormen and security cameras. Whether these results can be generalized 

to other cities, however, would require repeating the study in different study areas, which we 

envision doing in future work. 

Finally, no significant relationship was detected between burglary risk and any of the 

control variables, either for houses or apartments. These results again give weight to the 

explanation that potential gain for burglars is the prime factor governing the spatial 

distribution of burglary risk. Variables that are plausible proxies to pedestrian flow and urban 

accessibility, such as number of bus-stops, betweenness centrality, commercial presence and 

land-use density, yielded no significant correlation, a connection that would, however, be 

expected under the framework of Routine Activities Theory. Similarly, the proportion of 

rented residences yielded no correlation to risk, and income yielded a positive correlation to 
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risk, both conflicting with what would be expected from an explanation based on Social 

Disorganization theory. 
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Chapter 5  Conclusion 

 

This final chapter not only summarizes the contributions and findings of the previous 

chapters, but also includes a proposed explanation for the observed geography of burglaries 

in Belo Horizonte, a brief assessment of policy implications, and a discussion of this study’s 

limitations and prospects for future research. Finally, a compilation of maps demonstrating 

these findings is shown in Figure 5-1 through Figure 5-9. 

 

5.1 Summary of methodological contributions to spatial analysis of 

crime 

 In this dissertation, three methodological contributions to the spatial analysis of crime 

were presented: 

 

• a method to estimate an adequate micro-unit of analysis to map crime. 

• a more robust method for estimating standardized crime rates. 

• a framework to test how much income inequality explains the distribution of 

crime in a city. 

 

In this study, these methods were applied to residential burglaries in the city of Belo 

Horizonte; however, they could also be applied to different types of crimes or study areas 

(primarily other cities or metropolitan areas). Moreover, the method for estimating an 

adequate micro-unit of analysis and the method for estimating more robust standardized rates 
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can also be applied to phenomena other than crime, such as mapping disease occurrences or 

natural disasters. 

The methodologies developed in this study are an addition to existing methodologies, 

and different techniques could have been used for instance to study the distribution of 

burglaries in Belo Horizonte. However, these techniques were developed with specific 

objectives that justify their usefulness: improving reliability of results and avoiding 

confounding results. Not considering these criteria can lead to imprecise or biased estimates, 

as well as difficulties of interpreting the results. 

 For instance, the methodology described in Chapter 2 is focused on estimating a 

granularity that is fine enough to minimize problems from the Ecological Fallacy (by 

ensuring internal uniformity of crime distribution per cell) while being broad enough to 

provide robust estimates of crime rates. Both internal uniformity and robustness to error are 

considered here to be important properties when mapping crime, however, some applications 

could justify a different criterion being used (e.g. in a study comparing the performance of 

different police departments, police districts might be a better unit of analysis). 

 For the methodology development in Chapter 3, providing robustness to error and 

avoiding spurious correlations and outliers is the main goal. The method proposed was shown 

to provide better estimates of crime risk than competing techniques, but there is a cost to this 

increased performance: assuming that nearby locations have similar risks. If this assumption 

is not considered realistic, then different techniques would have to be used (perhaps at the 

cost of producing spurious peaks of crime in places with small populations). 

Finally, the model proposed in Chapter 4 is one possible model for relating spatial 

patterns of crime to income inequality. As described in the chapter, income inequality indices 

such as the Gini coefficient were not employed to avoid confounding results, since it is often 

difficult to discern whether a high income-inequality score is related to the presence of some 
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very high-income residents in a mostly middle-class neighborhood, or if it is indeed the more 

classical case of wealthy and poor mixing that is often implied by the term income inequality. 

As such, using an index like he Gini coefficient would difficult interpreting how much 

poverty (as a component of income inequality) is significant in explaining crime, or whether 

income inequality is acting as a proxy to high income. The same reasoning applies to the 

choice of not using segregation metrics. 

 

5.2 Summary of findings for residential burglary in Belo Horizonte 

and an explanation for its geography 

In addition to new methods being proposed for analyzing crime, these methods were 

also applied to a specific case, burglaries in Belo Horizonte. These findings are summarized 

below: 

 

• Using the method proposed in Chapter 2 of this study, an adequate areal unit for 

mapping residential burglaries in Belo Horizonte (2008-2014) was found to be a 

square cell of 278.75 meters on a side. If the reduced dataset of residential 

burglaries in Belo Horizonte (2010) is used, then a more adequate areal unit is a 

square 500 meters on a side, although the difference in internal uniformity and 

robustness is relatively small (as per the tradeoff curves in Figure 2-9 and Figure 

2-10). Using the 278.75 meters granularity, burglary incidence can be considered 

to be uniform inside cells for 90% of the cells. The mean coefficient of variation 

for burglary counts using this granularity is 40%. 

• 50% of burglaries are concentrated in 22.65 % of the areal units, if square cells of 

278.75 meters on a side are used. 
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• Houses are approximately five times more at risk than apartments on average. 

Mean annual burglary risk for houses is 24.43 for every 1,000 houses, while for 

apartments the risk 4.85 is per 1,000 apartments. 

• Average income is significant and positively correlated to burglary risk for 

houses. 

• Average income is not significant for burglary risk in apartments. 

• Exposure to poverty is not significant for burglary risk (neither for houses nor 

apartments). 

• Proxies to population flow (bus stop, centrality, density) are not significant for 

burglary risk. 

• Commercial use is not significant for burglary risk. 

• Proportion of rented household is not significant for burglary risk. 

• Distance to nearest police station is not significant for burglary risk. 

 

In Table 5-1, these findings23 are compared to what would be expected according to 

each of the hypothetical explanations described in Chapter 1. Findings that fit the predictions 

of the explanation are marked as consistent, while factors that go against are marked as 

inconsistent. Unclear is used when the finding could be ruled as either consistent or 

inconsistent depending on different interpretations of the explanation, while indifferent is 

used when the findings is not relevant to the explanation. A consistency score is calculated 

for each explanation, based on the evaluation of each individual finding with respect to that 

mechanism: starting from a score of zero, each finding considered consistent increases the 

                                                
23 The first two findings are not included in the table, however, because they are unrelated to 
any of the explanations and therefore do not contribute to evaluating their consistency (or 
inconsistency) in explaining the observed geography of burglaries. 
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score by one, while each inconsistency decreases it by one; unclear and indifferent have no 

effect on the calculated score.24 

  
Theoretical framework 

 
Findings Control & 

Disorder 
Opportunity 
& Choice 

Inequality 
& Exposure 

Activity & 
Awareness 

Environment 
& Defense 

Houses are five times more at 
risk than apartments 

Unclear Consistent Indifferent Unclear Consistent 

Average income is significant 
and positively correlated to 
burglary risk for houses 

Inconsistent Consistent Consistent Unclear Inconsistent 

Average income is not 
significant to burglary risk 
for apartments 

Inconsistent Unclear Inconsistent Unclear Inconsistent 

Exposure to poverty is not 
significant 

Inconsistent Unclear Inconsistent Unclear Indifferent 

Proxies for population flow 
(bus stop, centrality, density) 
are not significant 

Unclear Unclear Inconsistent Inconsistent Indifferent 

Commercial use is not 
significant 

Inconsistent Indifferent Indifferent Inconsistent Indifferent 

Proportion of rented 
household is not significant 

Inconsistent Indifferent Indifferent Indifferent Indifferent 

Distance to police station is 
not significant 

Unclear Inconsistent Indifferent Inconsistent Indifferent 

 
Consistency score 
 

 
-5 

 
+1 

 
-2 

 
-3 

 
-1 

 

Table 5-1 - Comparing empirical findings for burglary patterns in Belo Horizonte to 

hypothesized explanatory mechanisms.  Opportunity & choice is the most consistent 

mechanism to explain the observed geography of burglaries in Belo Horizonte, and the 

control & disorder mechanism is the least consistent. 

 

Therefore, the most consistent explanation for the observed geography of residential 

burglaries in Belo Horizonte is that of opportunity and choice. In other words, the evidence 

collected in this study points to the theory that burglaries are concentrated in areas that would 

                                                
24 A similar approach for comparing which theories best explain a set of evidences is 
employed in Hipp (2007). 
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provide greater reward at lower risk for burglars, that is, higher income houses. The 

environment and defense explanation also shows a partial fit, with an observed higher risk for 

houses versus apartments; however, deterrence by itself does not explain why wealthier 

houses —which are more likely to possess security mechanisms —would have higher crime 

rates. The activity and awareness explanation is mostly inconsistent in that the most likely 

variables to affect routine patterns and activity spaces — bus stops, police stations, shops and 

centrality — showed no significant effect on crime rates. Inequality and exposure is also 

mostly ill suited: the observed connection between higher income and crime would only fit 

this explanation if exposure to poverty also had a significant effect. Finally, the control and 

disorder explanation appears as the least consistent in explaining the geography of burglaries 

in Belo Horizonte, with none of the predictions from this model being reflected in the 

observed patterns. In the control and disorder explanation, lower income is expected to be 

connected to higher crime rates, when in the observed patterns, burglaries are related to either 

higher income (for houses), or not related at all (for apartments). The proportion of rents, a 

factor traditionally expected to lead to social disorganization and then crime, showed no 

significant connection, and the same can be said about other variables that potentially affect 

social disorganization, such as proportion of commercial use and proxies for population flow. 

This suggest that the bulk distribution of burglaries in Belo Horizonte can be 

described as the product of planned, rational decision making from agents (individuals or 

groups) looking to maximize their gains, rather than a product of systematic coincidences 

between offenders and targets (“opportunistic crime”) or of social ills such as lack of social 

cohesion or income inequality-driven social tension. Important to say, this is not equivalent 

to proving false any of these criminological theories in a more universal sense—nor is it 

intended to be—and it seems plausible that different types of crimes or crime distributions in 

different cities could be explained by different theories.  
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Finally, the empirical findings also provide an explanation to the observed shape of 

the spatial distribution of burglaries in Belo Horizonte. As seen in the Figure 5-1, the region 

that concentrates the greater number of burglaries is that of a ring around the central area (i.e. 

just outside of the Avenida do Contorno perimeter, see also Figure 5-2 for a more detailed 

map of the central area and Avenida do Contorno). As revealed in this study, risk of burglary 

for houses is proportional to income, which tends to increase at more central areas in Belo 

Horizonte (see Figure 5-3). Therefore, areas closer to the center tend to have a greater risk of 

burglary for houses. However, at more central areas (especially inside the Avenida do 

Contorno perimeter), the actual number of house falls sharply, with greater prevalence of 

apartments (as shown in Figure 5-4 and Figure 5-5). Therefore, at very central areas, while 

income and risk per house are high, the number of houses is low and, and a result, the 

number of burglaries is also low. On the other hand, peripheral areas have more houses, but 

lower income, leading also to a lower burglary count. As such, intermediate areas are the 

ones with a greater overall burglary count, due to having greater income than peripheral 

areas, and also greater number of houses than central areas. 
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Figure 5-1 - Number of burglaries (2008-2014) per cell, using square cells of 278.75 

meters (granularity determined using method proposed in Chapter 2). 
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Figure 5-2 - Map of Belo Horizonte. In a finer scale, the central area of the city is 

replicated in the bottom right corner, where the “Avenida do Contorno” road can be seen 

encircling this central district. 
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Figure 5-3 - Comparing mean income per household and burglary risk for houses. 

Income is the most relevant variable in explaining burglary risk for houses, a pattern that can 

be visualize when comparing the two maps. 
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Figure 5-4 - Number of houses per cell, using square cells of 278.75 meters 

(granularity determined using method proposed in Chapter 2). 
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Figure 5-5 - Number of apartments per cell, using square cells of 278.75 meters 

(granularity determined using method proposed in Chapter 2). 
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5.3 Policy implications 

Some policy recommendations can be derived from the empirical findings of this 

study, and are listed below. Since this study was conducted in Belo Horizonte, the derived 

policy recommendations are more applicable to this city; however, with given care, these 

recommendations could be applied to other contexts, in particular to cities with similar 

characteristics (such as other large cities in Brazil). 

 

• Policing strategies. Burglary is observed to have significantly different spatial 

pattern if compared to other crimes like robbery or murder. This suggests that 

treating multiple types of crimes under the same strategy would be an inefficient 

solution, and that focusing on specific patterns of each type of crime would be 

more appropriate (see problem-Oriented policing in Chainey & Ratcliffe, 2013, 

for instance). Allocation of patrols and other resources, if to follow spatial 

distribution of burglary, should employ a unit of analysis that balances both 

internal uniformity and robustness. The final “best” granularity will depend on the 

particular observed crime pattern. For the specific case of residential burglaries in 

Belo Horizonte, using data from 2008 to 2014, this best granularity it is of square 

cells of side 278.75 meters. Using this granularity, 50% of burglaries were 

concentrated in 22.65% of the considered units. Therefore, although hotspot 

policing might still be a suitable strategy to optimize resource allocation, it is 

worth noticing that the concentration is moderate if compared to that observed in 

some other cases in the literature (Sherman et al. 1989; Weisburd, 2015). 
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• Urban planning, urban density, and burglary. Denser urban development can be 

expected to decrease residential burglaries, at least for cities similar to Belo 

Horizonte (e.g. with similar types of apartments and houses). When devising and 

discussing new urban plans for a city, different impacts of new zoning are usually 

considered, including how it should affect public safety. The case study examined 

here showed that apartment living is not connected to more burglaries, but to less, 

and, overall, higher land-use density was shown to be not significant to burglary 

risk. Similarly, the presence of commercial activity and bus stops showed no 

impact on burglary risk. However, since different types of crime appear to follow 

significantly different patterns, it is not possible to tell from our study what would 

be the impact of urban density on other types of crime. 

 

• Burglary and social disorder. Broken windows and other disorder based 

explanations are inconsistent with the observed burglary patterns, being probably 

unrelated in this case. Moreover, the spatial distribution of burglaries differs 

significantly from other types of offense. Therefore, while more active 

engagement in promoting social order might be justifiable as a way to counter 

other specific types of crime, it does not appear to be the most effective strategy 

for dealing with residential burglary in a city-wide scale. 

 

• Burglary and socioeconomic relief. Although policies for socioeconomic relief 

may be justifiable for a variety of reasons, improvement in life standard and 

socioeconomic situation cannot be expected to decrease burglary. This study 

showed that burglary risk for houses is positively related to income, suggesting 
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burglars actively seek wealthier houses. For apartments, income showed no 

significance. 

 

• Burglary and segregation. Proximity of different income groups by itself should 

not have a significant effect on burglary risk. Segregation has been observed to be 

a reaction to crime (Caldeira, 2000), but this study indicates that greater or lower 

exposure between wealthier and poorer households has no significant effect on 

burglary rates. While actual security mechanisms such as gates and doormen seem 

to have an effect in reducing burglary, the “fear of poverty” originating from the 

“fear of crime” appears as unjustified for the specific case of residential burglary. 

Furthermore, while our study points towards a link between higher income and 

burglary victimization, and that drug trafficking and murders tend to be 

concentrated at very poor neighborhoods, there is a lack of evidence linking 

poverty to a greater involvement in committing burglary. This is important since 

social and spatial segregation have been observed to lead to problematic effects on 

matters such as social exclusion, access to the city, and economic opportunity, 

impacting more often lower income populations (Feitosa et at., 2012; Sabatini et 

al., 2001; Caldeira, 2000, Massey, 1990). 

 

5.4 Limitations & future works 

 One issue constantly present in any study concerning crime is underreporting. Crimes 

reported to the police are usually just a fraction of the real number, with the rate of 

underreporting varying by type of crime. In a study concerned with the relative spatial 

distribution of crime, the absolute rates are not of a major concern, but the question is: is 
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there a spatial bias to the observed distribution of crime? In other words, does the observed 

distribution of crime in space reflect the real geography of crime? Studies comparing the 

spatial accuracy of official report and actual occurrences are still lacking for Belo Horizonte 

or other cities in Brazil. Therefore, there could still be some bias in the results of this study if 

such spatial heterogeneity in reporting were to exist. Clarifying whether such bias exists or 

not is a potential path for additional research. 

The methodology for choice of granularity presented in this dissertation has the 

potential to be further refined. One refinement would be adapting it to the bandwidth choice 

in Kernel Density Estimation. Another potential improvement would be allowing the best 

granularity to vary in space, with different sub-regions of the region of interest having 

different areal units for counting crime. 

Another potential for further study is testing different variations on how to model the 

influence of income inequality on crime. This study focused on the exposure, in particular 

because it featured as the most consistent with existing criminological theories relating 

income inequality and crime. However, different metrics to measure income inequality and 

segregation could be explored and compared (for some alternatives, see Feitosa et al., 2007; 

Feitosa et al., 2004; Reardon & O’Sullivan, 2004; De Maio, 2007; Atkinson, 1970). 

Another limitation to this study is the ambiguity in judging which explanation most 

consistently explains observed geographies of crime. New variables could be added to the 

analysis (e.g. street lighting, vegetation), which could potentially affect the consistency 

scores. Also, certain findings listed could be merged or disaggregated (e.g. “proxies for 

population flow not being significant” could be disaggregated as “presence of bus stops is not 

significant”, “centrality is not significant”, etc.), which would also impact the consistency 

scores. One potential way for giving more robustness to this type of analysis would be 

conducting a sensitivity analysis of the consistent score to these different variations, in order 
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to assess which explanation would be most consistent in average (as well as a margin of 

error). 

 A potential for future work is testing the presented methodology with other cities. The 

first candidates for comparing results would be other large cities in Brazil, since they are 

more likely to feature similar styles of urban living. However, comparing results with cities 

in other countries would be an important research topic, allowing us to better assess whether 

there is any universal aspect explaining residential burglary, or whether the geography of 

residential burglary in cities tends to be influenced by more local (or cultural) aspects. 

 Finally, another prospect for future work is testing the methods developed in Chapters 

2 and 3 in domains other than crime. Phenomena such as disasters and disease outbreaks 

share similar spatial properties and challenges if compared to crime, and could benefit from 

the proposed method for determining an adequate areal unit for counting events, as well as 

from a more robust standardization method. 

 

5.5 Final remarks 

The ultimate goal of this study was to improve crime analysis techniques and our 

understanding of the factors that not only explain crime and its geography, but that may lead 

to better forms of countering this social issue. Crime mapping is an area of study still with a 

lot of potential. While some countries—or even specific states and cities—have a greater 

tradition of recording and maintaining geocoded data (e.g. Canada, the UK, and the US), in 

others this is still incipient, or at least a relatively recent endeavor. Crime studies are always 

vulnerable to uncertainty in data; in places with less tradition of maintaining geocoded crime 

reports, issues of reliability and robustness in measurement, as well as methods to improve 

analysis (such as those proposed in this dissertation) are even more relevant. 
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This relevance is also reinforced by recalling that the geography of crime and the 

subjective perception of it (also referred to as the geography of fear of crime) often do not 

match (Alkimim et al., 2013; Diniz, 2003). As such, more reliable crime maps are essential to 

not only guiding more effective public policies, but also in objectively informing society. 

While there is still some debate on the potential harms of publishing crime maps (see 

Ratcliffe, 2002 for a more in-depth discussion), if crime data produced by the police is to be 

public, having accurate maps produce from it are most likely better than having biased or 

inaccurate maps. Finally, in a democratic society, regardless of whether or not citizens have 

access to objective reliable crime data, matters related to crime and fear of it are likely to 

have political effects; that being the case, it would seem more adequate to have citizens 

making decisions based on grounded objective facts than being misguided by biased 

observations and impressions. 
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Appendices 

 
 

Appendix A 

 This appendix shows how the estimation of a best granularity using the method 

proposed in this paper is not sensitive to the specific value chosen for the parameter k in the 

robustness to error metric. The tradeoff analysis for burglaries is shown in Figure 6-1 using 

three different values of k. Notice how, while the curves may be different, the estimated best 

granularity is still similar (at the order of 300 m). In other words, while the specific values of 

robustness vary with k, the behavior of the metric in relation to the internal uniformity metric 

is approximately the same. 

 

 

Figure 5-6 - Tradeoff analysis for burglaries using three different values of k for the 

robustness metric (k = 3, k = 1, and k = 6). 
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Appendix B 

This appendix expands on the results presented in the Results section, adding more 

details that were not included in there for brevity and simplicity. 

In Figure 6-2, the graphs for internal uniformity and robustness to error varying with 

granularity are shown for all three types of crime considered: burglaries, robberies, and 

homicides. All four different variants for estimating internal uniformity are plotted, as well as 

all the six variants for estimating robustness to error. These variants are described in the 

Methodology section. 

As can be seen from the plots in Figure 6-2, the patterns displayed are similar for the 

three types of crime: internal uniformity decreasing as granularity becomes coarser and 

robustness to error increasing, though the granularity ranges in which that occurs vary. For 

robustness to error, all six variants yielded similar values; for internal uniformity, though, a 

slight but noticeable difference can be observed between nearest-neighbor and quadrat count 

approaches. Nevertheless, both exhibit the same general pattern of decreasing approximately 

at the same rate as granularity becomes coarser. 

In Figure 6-3, for each type of crime, plots for all three criteria proposed for 

estimating the best granularity are shown. The best granularity according to each criterion is 

listed in Table 6-1 for each type of crime, as well as the mean values and standard deviation. 

As can be seen from Table 6-1, for a given type of crime, the best granularity 

estimated by each criterion is quite similar, while the mean best granularity differs 

significantly for each type of crime. 
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Figure 5-7 - Internal uniformity and robustness to error estimated for three types of 

crimes: residential burglary, street robbery, and homicides. 
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Figure 5-8 - Best granularity estimated by three different criteria (balance of gains, 

product and sum criteria) for the three different types of crimes (burglary, robbery and 

homicides). 
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Best Granularity (meters) according to each criterion 

 

Type of 

crime 

Total number 

of points 

Balance of 

gains (I) 

Balance of 

gains (II) 

Product 

criterion 

Sum 

criterion 

Mean Standard 

Deviation 

Burglary 44,560 255 245 355 260 278.75 51.21 

Robbery 11,626 700 700 1,100 800 825 189.30 

Homicides 1,826 1,500 1,500 2,000 1,600 1,650 238.05 

 

Table 5-2 - Best granularity for each type of crime, estimated with each criterion. 
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Appendix C 

This appendix offers further details to the methodology described in the Proposed 

Solution section (“Validation through a simulation study” subsection). The following pseudo-

code details a simulation test using one set of parameter values, in a case with only one 

reference population: 
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The pseudo-code for the equivalent test in a two reference population case is shown 

below: 

proc OnePopTest(iter, real_variogram_P, real_variogram_R) 
 

# declaring and allocating data strucutures 
fit_naive = vector(length=length(number_of_iterations) 
fit_gwr= vector(length=length(number_of_iterations) 
fit_bayes= vector(length=length(number_of_iterations) 
 
for k in 1:number_of_iterations 
 

# declaring and allocating data structures 
P = vector(length(samples)) # reference population 
R = vector(length = length(samples)) # victimization risk  
V = vector(length = length(samples)) # victimization count 
e = vector(length = length(samples)) # error in obs. crime count 
C = vector(length = length(samples)) # observed crime count 
P_obs = vector(length = length(samples)) # observed pop. Count 
R_naive = vector(length = length(samples)) # naïve estimate of risk 
R_gwr = vector(length = length(samples)) # estimate risk using GWR  
R_bayes = vector(length = length(samples)) # est. risk using Emp. 

Bayes 
 
# initializing P and R 
P ß simulate(real_variogram_P) 
R ß simulate(real_variogram_R) 
 
# simulating crime rates 
V ß Binomial (probability = R, trials = P) 
e ß Normal(mean = 0, sd = ratio * mean(V) ) 
C ß V + e 
P_obs ß P + Normal(mean = 0, 1% * P) 
 
# estimating risk through three different methods 
R_naive ß C/P_obs 
R_gwr ß GWR_estimation(C~P_obs) 
R_bayes ß Empirical_Bayes_estimation(C, P_obs) 
 
# evaluating each estimate 
fit_naive[k] ß ols(R~R_naive).r_squared 
fit_gwr[k] ß ols(R~R_gwr).r_squared 
fit_bayes[k] ß ols(R~R_bayes).r_squared 

 
end_for 
 
avg_fit_naive ß mean(fit_naive) 
std_error_fit_naive ß sd(fit_naive) 
avg_fit_gwr ß mean(fit_gwr) 
std_error_fit_gwr ß sd(fit_gwr) 
avg_fit_bayes ß mean(fit_bayes) 
std_error_fit_bayes ß sd(fit_bayes) 



 160 

 

 

proc TwoPopTest(iter, real_variogram_P1, real_variogram_R1, real_variogram_P2, real_variogram_R2) 
 
# declaring and allocating data strucutures 
fit_naive1 = vector(length=length(number_of_iterations) 
fit_gwr1= vector(length=length(number_of_iterations) 
fit_bayes1= vector(length=length(number_of_iterations) 
fit_naive2 = vector(length=length(number_of_iterations) 
fit_gwr2= vector(length=length(number_of_iterations) 
fit_bayes2= vector(length=length(number_of_iterations) 
 
for k in 1:number_of_iterations 
 

# declaring and allocating data structures 
P1 = vector(length(samples)) # 1st reference population 
P2 = vector(length(samples)) # 2nd reference population 
R1 = vector(length = length(samples)) # 1st victimization risk  
R2 = vector(length = length(samples)) # 2nd victimization risk  
V1 = vector(length = length(samples)) # 1st victimization count 
V2 = vector(length = length(samples)) # 2nd victimization count 
V = vector(length = length(samples)) # total victimization count 
e = vector(length = length(samples)) # error in observed crime count 
C = vector(length = length(samples)) # observed crime count 
P1_obs = vector(length = length(samples)) # 1st observed population count 
P2_obs = vector(length = length(samples)) # 2nd observed population count 
R1_naive = vector(length = length(samples)) # naïve estimate of 1st risk 
R2_naive = vector(length = length(samples)) # naïve estimate of 2nd risk 
R1_gwr = vector(length = length(samples)) # estimated 1st risk using GWR  
R2_gwr = vector(length = length(samples)) # estimated 2nd risk using GWR   
R1_bayes = vector(length = length(samples)) # estimated 1st risk using Emp. Bayes 
R2_bayes = vector(length = length(samples)) # estimated 2nd risk using Emp. Bayes 

 
# initializing P and R 
P1 ß simulate(real_variogram_P1) 
P2 ß simulate(real_variogram_P2) 
R1 ß simulate(real_variogram_R1) 
R2 ß simulate(real_variogram_R2) 

 
# simulating crime rates 
V1 ß Binomial (probability = R1, trials = P1) 
V2 ß Binomial (probability = R2, trials = P2) 
V ß V1 + V2 

  e ß Normal(mean = 0, sd = ratio * mean(V) ) 
  C ß V + e 
  P1_obs ß P1 + Normal(mean = 0, 1% * P1) 

P2_obs ß P2 + Normal(mean = 0, 1% * P2) 
  
  # estimating risk through three different methods 
  (R1_gwr, R2_gwr) ß GWR_estimation(C~P1_obs+P2_obs) 

R1_naive ß C/P1_obs 
R1_bayes ß Empirical_Bayes_estimation(C, P1_obs) 

  R2_naive ß C/P2_obs 
R2_bayes ß Empirical_Bayes_estimation(C, P2_obs) 

  
# evaluating each estimate 
fit_naive1[k] ß ols(R1~R1_naive).r_squared 
fit_gwr1[k] ß ols(R1~R1_gwr).r_squared 
fit_bayes1[k] ß ols(R1~R1_bayes).r_squared 
fit_naive2[k] ß ols(R2~R2_naive).r_squared 
fit_gwr2[k] ß ols(R2~R2_gwr).r_squared 
fit_bayes2[k] ß ols(R2~R2_bayes).r_squared 

end_for 
 
avg_fit_naive1 ß mean(fit_naive1) 
std_error_fit_naive1 ß sd(fit_naive1) 
avg_fit_gwr1 ß mean(fit_gwr1) 
std_error_fit_gwr1 ß sd(fit_gwr1) 
avg_fit_bayes1 ß mean(fit_bayes1) 
std_error_fit_bayes1 ß sd(fit_bayes1) 
avg_fit_naive2 ß mean(fit_naive2) 
std_error_fit_naive2 ß sd(fit_naive2) 
avg_fit_gwr2 ß mean(fit_gwr2) 
std_error_fit_gwr2 ß sd(fit_gwr2) 
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These pseudo-codes were implemented in the R language with the following key 

libraries: gstat to generate the reference populations and victimization risk, spgwr for the 

Geographically Weighted Regression, and spdep for the Empirical Bayesian Estimation. 
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Appendix D 

This appendix complements the results showed in the subsection “Simulation study 

with two reference populations.” The following Table 6-2 and Table 6-3 list the parameter 

values tested for the two-population case, along with fitness values obtained. Due to space 

constraints, Table 6-2 shows the fitness scores of the estimated risks for the first reference 

population, while Table 6-3 shows the fitness scores of the risk for the second population. 
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Parameters 

 

 
Fit for estimated R1 

 

Rang
e (R1) 

Rang
e (P1) 

Partial sill 
(P1) 

Nugget 
(P1) 

Range 
(R2) 

Range 
(P2) 

Partial 
sill (P2) 

Nugget 
(P2) Res. 

Fit 
(naïve) 

Fit 
(GWR) 

Fit 
(Bayes
) 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.71 0.01 

50.00 7.00 16500.00 2500.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.71 0.01 

50.00 7.00 16500.00 5000.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.75 0.01 

50.00 7.00 16500.00 10000.00 10.00 36.00 180000.00 58000.00 15% 0.00 0.79 0.01 

75.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.67 0.01 

25.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.69 0.01 

10.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.64 0.01 

5.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.49 0.01 

50.00 3.50 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.74 0.01 

50.00 14.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.57 0.03 

50.00 28.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.08 0.49 0.11 

50.00 56.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.11 0.46 0.16 

50.00 7.00 10000.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.68 0.01 

50.00 7.00 20000.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.71 0.01 

50.00 7.00 40000.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.01 0.65 0.01 

50.00 7.00 80000.00 1250.00 10.00 36.00 180000.00 58000.00 15% 0.02 0.57 0.02 

50.00 7.00 16500.00 1250.00 5.00 36.00 180000.00 58000.00 15% 0.01 0.70 0.01 

50.00 7.00 16500.00 1250.00 20.00 36.00 180000.00 58000.00 15% 0.01 0.74 0.02 

50.00 7.00 16500.00 1250.00 40.00 36.00 180000.00 58000.00 15% 0.01 0.71 0.01 

50.00 7.00 16500.00 1250.00 80.00 36.00 180000.00 58000.00 15% 0.01 0.72 0.02 

50.00 7.00 16500.00 1250.00 10.00 18.00 180000.00 58000.00 15% 0.01 0.72 0.01 

50.00 7.00 16500.00 1250.00 10.00 9.00 180000.00 58000.00 15% 0.01 0.68 0.01 

50.00 7.00 16500.00 1250.00 10.00 4.50 180000.00 58000.00 15% 0.01 0.70 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 90000.00 58000.00 15% 0.01 0.72 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 45000.00 58000.00 15% 0.01 0.69 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 22500.00 58000.00 15% 0.01 0.71 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 360000.00 58000.00 15% 0.01 0.66 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 29000.00 15% 0.01 0.65 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 14500.00 15% 0.01 0.71 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 7250.00 15% 0.01 0.69 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 116000.00 15% 0.01 0.69 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 5% 0.01 0.72 0.04 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 10% 0.01 0.70 0.02 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 50% 0.01 0.64 0.01 

50.00 7.00 16500.00 1250.00 10.00 36.00 180000.00 58000.00 100% 0.01 0.63 0.01 

 

Table 5-3 - Fitness scores for the estimated risk of the first reference population.  
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Parameters 

 

 
Fit for estimated R2 

 
Range 
(R1) 

Range 
(P1) 

Partial sill 
(P1) 

Nugget 
(P1) 

Range 
(R2) 

Range 
(P2) 

Partial 
sill (P2) 

Nugget 
(P2) Res. 

Fit 
(naïve) 

Fit 
(GWR) 

Fit 
(Bayes) 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.26 0.02 

50.00 7.00 16,500.00 2,500.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.30 0.01 

50.00 7.00 16,500.00 5,000.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.29 0.02 

50.00 7.00 16,500.00 10,000.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.30 0.01 

75.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.30 0.01 

25.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.23 0.01 

10.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.18 0.01 

5.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.15 0.01 

50.00 3.50 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.27 0.01 

50.00 14.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.28 0.01 

50.00 28.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.30 0.01 

50.00 56.00 16,500.00 1250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.38 0.01 

50.00 7.00 10,000.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.32 0.01 

50.00 7.00 20,000.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.28 0.01 

50.00 7.00 40,000.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.29 0.01 

50.00 7.00 80,000.00 1,250.00 10.00 36.00 180,000.00 58,000.00 15% 0.01 0.25 0.01 

50.00 7.00 16,500.00 1,250.00 5.00 36.00 180,000.00 58,000.00 15% 0.00 0.23 0.00 

50.00 7.00 16,500.00 1,250.00 20.00 36.00 180,000.00 58,000.00 15% 0.01 0.26 0.01 

50.00 7.00 16,500.00 1,250.00 40.00 36.00 180,000.00 58,000.00 15% 0.02 0.23 0.02 

50.00 7.00 16,500.00 1,250.00 80.00 36.00 180,000.00 58,000.00 15% 0.01 0.23 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 18.00 180,000.00 58,000.00 15% 0.01 0.30 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 9.00 180,000.00 58,000.00 15% 0.01 0.29 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 4.50 180,000.00 58,000.00 15% 0.00 0.41 0.00 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 90,000.00 58,000.00 15% 0.01 0.34 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 45,000.00 58,000.00 15% 0.00 0.36 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 22,500.00 58,000.00 15% 0.01 0.43 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 360,000.00 58,000.00 15% 0.00 0.46 0.00 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 29,000.00 15% 0.01 0.23 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 14,500.00 15% 0.02 0.21 0.02 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 7,250.00 15% 0.02 0.11 0.03 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 116,000.00 15% 0.02 0.09 0.03 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 5% 0.01 0.42 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 10% 0.01 0.30 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 50% 0.01 0.28 0.01 

50.00 7.00 16,500.00 1,250.00 10.00 36.00 180,000.00 58,000.00 100% 0.01 0.27 0.01 

 

Table 5-4 - Fitness scores for the estimated risk of the second reference population.  
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Appendix E 

This appendix offers additional details on the results shown in the subsection 

“Simulation study with one reference populations.” The top row of images in Figure 6-4 plots 

the estimated risk against the original true risk, one plot for each method used for the 

estimate. The plots show a clear correspondence between the GWRisk estimate and the true 

risk, which is not the case when the naïve method or Empirical Bayes are used. The middle 

row features a similar plot of estimated risk versus true risk; however, now each are plotted 

on a logarithmic scale. The logarithmic plots show that some correspondence between the 

estimated risk and the true risk still exists even for the naïve method and the Empirical Bayes 

method, but this correspondence gets overshadowed by the spurious peaks generated through 

these methods. Finally, the bottom row illustrates the (artificial) inverse relation existing 

between the estimated risk and population size when the naïve or Empirical Bayes methods 

are used. That is, using those methods, estimated risks will tend grow sharply for small 

populations, a phenomenon absent in the true risk map. That correspondence does not happen 

with the GWRisk estimate, which is independent of the population size. 
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Figure 5-9 - Plots comparing each victimization risk estimate. Top row: estimated 

risk versus true risk, for each method. Middle row: estimated risk versus true risk plotted on a 

logarithmic scale. Bottom row: estimated risk versus population size. 

 

 




