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ABSTRACT 

Several evaluations support that police can be efficient and effective in 

preventing disorder and crime when focusing on micro-places with high rates of 

crime. However, which specific policing techniques work in crime hot spots remains 

an open question among researchers and practitioners alike. Moreover, while police 

departments across the US use hot spots policing strategies, the vast majority of hot 

spots policing experiments stem from traditional-urban areas and successful strategies 

might not easily be transferred to less urbanized contexts. These limitations of current 

hot spots policing experiments and hot spots policing approaches mirror gaps in the 

crime in micro-place literature. This is not surprising since crime in micro-place 

research is the backbone of hot spots policing. Especially, two major research 

questions have been left unanswered by crime in micro-place research: How is crime 

concentrated across non-traditional urban areas, such as small cities, suburbs, and 

different types of rural areas? And, how are leading criminological concepts able to 

explain different types of crime across geographic areas? Answering these questions 

might not only advance our understanding of crime in micro-places beyond urban 

areas but also, eventually, aid hot spots interventions, specifically problem-based and 

community-involved interventions in non-traditional urban areas.  

To achieve this aim, I, first, developed a unique longitudinal (2010-2017) 

micro-place (i.e. street segments) data set that integrated relevant situational and 

socioeconomic place characteristics with criminal incidence and offender data. 

Second, I assessed spatial distributions of crime for several non-traditional urban 

geospatial contexts across the state of Delaware (i.e. across small cities, suburban 

areas, towns, as well as touristic-rural and traditional-rural areas). And third, I created 



 xvii 

statistical models using multi-trajectory modeling and count-based regression 

approaches to draw out crime type compositions, offender characteristics, as well as 

situational and socioeconomic factors underlying high-crime micro-places. 

The study, thus, makes several contributions to current crime in micro-place 

research. First, the study shows that crime is concentrated in micro-places across 

geographic areas. However, this is not a linear relationship, but crime concentrations 

also differ within more urban and more rural areas. Second, the study shows that while 

crime is concentrated in micro-places across geographic areas, the specific 

compositions of crimes in hot spots differ. Third, the study makes several conceptual 

contributions by contrasting the roles of socioeconomic and situational crime 

indicators across geographic areas and by highlighting patterns of crime generating 

mechanisms across non-traditional urban areas. And, finally, these findings have 

practical implications for policing and other crime prevention approaches which the 

study underscores. 



 1 

Chapter 1 

INTRODUCTION 

1.1 What We Still Do Not Know About Hot Spots Policing 

Place-based crime preventions, such as hot spots policing, are among the most 

popular current crime prevention strategies (Blevins, 2019), with 90% of US agencies 

using some form of hot spots policing (Koper, 2014). The popularity of hot spots 

policing is due to its promise that police do not have to change their day-to-day 

strategies (Visher & Weisburd, 1997). This promise contrasts with other modern 

policing approaches such as problem-based or community-focused policing which 

require additional training of officers (Weisburd, 2008). Instead of fundamentally 

changing the approach to crime prevention, hot spots policing promises that police can 

be more effective and cost-efficient by reorganizing where resources are distributed 

(Gibson, Slothower, & Sherman, 2017). Targeting specific high-crime places promises 

to be a resource-efficient, simple policing strategy (Andresen & Weisburd, 2018). 

 Accordingly, much current place-based research is focused on developing 

more and more sophisticated approaches to predict hot spots and their temporal pattern 

(Fitzpatrick, Gorr, & Neill, 2019; Hunt, 2019; Perry, McInnis, Price, Smith, & 

Hollywood, 2013). The current consensus that hot spots policing can be effective is 

based on several evaluations of hot spots policing experiments (Braga, 2005; Braga, 
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Papachristos, & Hureau, 2014; Braga, Turchan, Papachristos, & Hureau, 2019).1 

However, the results are less clear cut as they are often made out to be (e.g. on the 

“crimesolutions.gov” website of the NIJ. For example, Braga et al.’s (2014) meta-

analysis showed that while overall hot spots policing experiments were effective in 

reducing crime, the effect sizes were small and differed significantly among the types 

of crimes that were targeted. Moreover, the authors pointed out that it might very well 

matter which concrete policing strategies were applied, in contrast to the initial 

promise of hot spots policing, with problem-based hot spots policing strategies 

showing the highest success rates (Braga et al., 2014).  

Therefore, it appears doubtful that we can improve hot spots policing by purely 

focusing on spatial and temporal crime prediction. Instead, it seems that we need to 

adjust concrete policing techniques based on the differing contexts and refine our 

understanding of what techniques work for what crime hot spots (Braga et al., 2019; 

Ratcliffe, Groff, Sorg, & Haberman, 2015; Telep, 2017; D. Weisburd, 2018; D. 

Weisburd & Telep, 2014). Another problem is that these experimental hot-spot studies 

have an urban bias. For example, Braga et al.’s (2014) meta-analysis is based on 

policing experiments from major US metropolitan areas. Approximately, 90 percent of 

the studies were in cities with at least 200,000 residents. Only two studies were 

conducted in cities with less than 200,000 residents. However, as stated, over 90% of 

US agencies use some form of hot spots policing. And, this includes departments in 

small cities, suburban areas, as well as different types of rural areas across the US. 

 
 
1 The National Institute of Justice’s [NIJ] ‘crimesolutions.gov’ website that evaluates 
and promotes evidence-based policing strategies lists hot spots policing as effective 
based on the review by Braga et al. from 2014. 
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Accordingly, it is an open empirical question whether hot spots policing strategies that 

are effective for major urban areas are also effective in small cities or rural areas 

(Weisburd & Telep, 2014).2  

1.2 The Role of Micro-Place Research in Improving Hot Spots Policing 

These two limitations—the lack of knowledge about what techniques work for 

specific crime hot spots as well as the overall urban bias—cast doubt on the promise 

of simple transferability of “successful” hot spots policing approaches. These 

limitations, moreover, mirror gaps in the current crime in micro-place literature. This 

is not surprising since micro-place research is the backbone of hot spots policing and 

many micro-place researchers are actively working with police departments across the 

country on hot spots policing projects (e.g. Weisburd, 2018). The connection between 

micro-place research and hot spots policing interventions is a pride spot for the micro-

place-research community—they have practical relevance. However, this 

interdependence also means that unaddressed questions of crime in micro-place 

research might show up as blind spots in hot spots policing experiments as well as hot 

spots policing practices.  

Micro-place research since the late 1980s has worked mainly on establishing 

what is today called the “law of crime concentration” (Weisburd, 2015). There are 

four major elements to this research endeavor: 

 
 
2 The most recent meta-analysis of hot spots policing experiments includes ten 
additional experiments in cities with less than 200,000 residents (Braga et al., 2019). 
However, differences by levels of urbanicity are not the focus of the review and the 
analysis does not break down the effectiveness of hot spots policing approaches by 
city sizes. 
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First, research focused on establishing the appropriate unit of analysis for 

crime and place research. Research on crime and place has historically concentrated 

on larger geographic areas such as neighborhoods or other community designations 

(DuBois, 1899; Lens, 2015; Sampson, 2013; Shaw & McKay, 1942). Due to data 

limitations as well as conceptualizations of crime that focused mostly on 

socioeconomic factors, this focus remained until the 1970s. With the emergence of 

environmental criminology (Brantingham & Brantingham, 1981), as well as 

situational or opportunity theories (Clarke, 1980; Cohen & Felson, 1979; Hindelang, 

Gottfredson, & Garofalo, 1978; Land & Felson, 1976), researchers became interested 

in studying micro-places and their crime dynamics (Weisburd et al., 2016; Wilcox & 

Cullen, 2018). However, since data limitation remained, these studies relied on 

national data and other larger area data to evaluate their claims (e.g. Cohen & Felson, 

1979). Only with the advent of Geographic Information Systems (GIS), in the late 

1980s, crime in micro-place analyses developed (Weisburd, 2015). The debate shifted, 

subsequently, to the question of what the appropriate micro-unit of analysis was. 

Studies have used diverse units of analysis from apartment units within larger 

buildings, specific addresses, up to street segments, and clusters of street segments 

(Groff, Weisburd, & Yang, 2010). Street segments have become known as the 

commonly used unit of analysis due to its balance between the precision of locations 

and the realities of how crime location data is collected (Gerell, 2018; Taylor, 1997; 

Weisburd, Groff, & Yang, 2012). 

Second, research on crime in micro-places has focused on establishing that 

there, actually, is crime concentration in micro-places. Early studies specifically raised 

the question of whether crimes were randomly distributed across space or whether 
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there was crime concentration in micro-places (Sherman, Gartin, & Buerger, 1989). If 

crime would be randomly distributed, crime and place research would have no 

practical relevance since it could not predict locations or strategies for intervention 

(Groff & La Vigne, 2001; Sherman et al., 1989). Since the late 1980s, studies have 

repeatedly established that crime is highly spatially concentrated, with roughly 50% of 

all crimes being accounted for by just 5% of all micro-places in urban areas 

(Weisburd, 2015). There are some variations based on the cities studied (Kim & Hipp, 

2018; Weisburd, 2015), as well as depending on the types of crime researched 

(Brantingham, 2016; Quick, Li, & Law, 2018), however, overall there is high 

consistency in these findings. Albeit, whether the current methods of measuring crime 

concentrations are appropriate is heavily debated (Bernasco & Steenbeek, 2017; 

Curiel, 2019; Eck, Lee, SooHyun, & Martinez, 2017; G. Mohler, Brantingham, Carter, 

& Short, 2019). 

Third, the next question micro-place studies addressed was whether street 

segments or micro-places with higher levels of crime cluster together (Andresen & 

Malleson, 2011). If there is no micro-place to micro-place variability in crime 

occurrences it might as well make sense to focus on the larger geographic areas in 

which crime clusters, since the larger areas characteristics might, in that case, 

determine where crime is concentrated net of all micro-place characteristics (Groff et 

al., 2010; Mohler, Short, & Brantingham, 2017; Sampson, 2013). While all studies 

that assess the clustering of crimes in micro-places conclude that there is some level of 

autocorrelation between high-crime micro-places, high-crime places are also very 

likely to neighbor micro-places without or with very low levels of crime (Weisburd, 

2015; Weisburd et al., 2012). 
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Fourth, crime concentrations in micro-places need to exhibit some temporal 

stability to become relevant to policing approaches (Haberman, Sorg, & Ratcliffe, 

2017). If the areas where crime is high differ from day to day, month to month, or year 

to year, this would make predictions of high crime areas extremely difficult. Studies 

have observed that, overall, we find high levels of stability, and many studies have 

identified what they call chronic hot spots or chronic high-crime areas (Weisburd, 

2015). These are micro-places that show persistent high levels of crime over multiple 

years, even decades (Andresen, Linning, & Malleson, 2017; Gorr & Lee, 2017). 

Overall, the crime in micro-place literature has been successful in providing a 

broad empirical basis for arguments that advocate for hot spots policing. If crime is 

highly spatially concentrated, varies from street to street, and is stable over time, the 

identification of these micro-places could be the basis for police deployment. 

However, at this juncture, the crime in micro-place research community has come to 

ask (or should ask) some of the same questions that current hot spots policing 

experiments pose: What are the underlying mechanisms that lead to these crime 

concentrations? Are there differences by crime types or their combinations? Do we 

have the same concentrations and criminogenic mechanisms across geographic areas? 

Recent studies have begun to identify at least four major gaps in the previous 

literature that need to be addressed to develop a more theoretical sound basis for 

place-based understandings and interventions and to begin to answer the three above-

raised questions. The first three gaps could be summarized as the undertheorized state 

of current crime and micro-place research. Weisburd raised this issue in his seminal 

presidential address at the 2014 annual meeting of the American Society of 

Criminology [ASC] on the state of crime and micro-place research: 
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“It is not enough to have data about crime and place; there is need for rigorous 
theory development if we are to know what data to collect and which models to 
test. Theoretical development in study of crime and place is still in early stages 
of development.” (Weisburd, 2015:148) 

Weisburd has centered in his critique on the one-sided focus on situational 

crime predictors and advocated for the (re)integration of social disorganization theory 

and other traditional neighborhood-level theories of place and crime (Weisburd, 2015; 

Weisburd et al., 2012; Wilcox & Tillyer, 2017). Recent studies have just begun to 

answer this call and have increasingly used measures of disadvantage and 

disorganization (Jones & Pridemore, 2018; Kim, 2018; Levin, 2018; Weisburd et al., 

2012; Weisburd, Shay, Amram, & Zamir, 2017). Another gap on the theoretical side 

of micro-place studies is the complete disconnect from offender characteristics (Sorg, 

2016). One the one hand this makes immediate sense, considering that the crime and 

place research endeavor developed as an alternative to the individual focused 

criminological mainstream (Sherman et al., 1989; Weisburd, 2015), but, on the other 

hand, it is today possible to integrate at least some offender characteristics that would 

be relevant to crime prevention efforts, such as offender travel pattern (Sorg, 2016), 

without neglecting the importance of place characteristics. The third theoretical gap is 

directly connected to some of the shortcomings in current hot spots policing. As 

outlined above, the effectiveness of policing approaches varies by crime types across 

hot spots. Micro-place research has, however, too often focused on composite crime 

measures (e.g. all crimes) and has neglected the specific pattern or co-occurrences of 

crime types in places (Haberman, 2017; Quick, Li, & Brunton-Smith, 2018). A fourth 

gap is, finally, an open empirical question—one that again goes to the heart of the 

struggles of hot spots policing approaches and their limited transferability. Studies on 

crime concentrations in micro-places have focused on urban areas (Gill, Wooditch, & 
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Weisburd, 2017; Hipp & Kim, 2017; Park, 2019; Weisburd & Telep, 2014). To date, 

we only have a handful of studies that address crime concentration in smaller cities 

(Hipp & Kim, 2017; Weisburd, 2015), and suburban areas (Gill et al., 2017), and no 

published studies on rural areas in the US (Hibdon, 2013; Macbeth & Ariel, 2019; 

Park, 2019). Excluding less urbanized areas from criminological research has long 

been considered problematic: 

“If there are fundamental rural/urban differences in the process by which crime 
is generated, then focusing almost exclusively on urban areas amounts to little 
more than convenience sampling in which important sources of variation are 
omitted. The fact that rural areas can be difficult to study is not a justification 
for excluding them from research.” (Wells & Weisheit, 2004) 

Differences in criminal opportunities, due to the structure of suburban and 

rural settlements and daily routines of residents, suggest differing mechanisms that 

underlie spatial crime pattern and hot spots formation in non-urban areas which 

require different interventions and prevention strategies (Gill et al., 2017; Ocejo, 

Kosta, & Mann, 2020; Thurman & McGarrell, 2015; Wells & Weisheit, 2004). 

A refined understanding of the criminogenic factors as well as similarities and 

differences of crime concentrations and criminogenic factors could be especially 

helpful to problem-oriented policing [POP] approaches. The main assumption of POP 

is that the police needs to compile in-depth information about specific crime problems 

and develops tailor-made responses (Goldstein, 1979a, 1990, 2003, 2018; Wexler, 

Chuck, Peed, Carl, Hart, 2001). One strength of common crime in micro-place 

analysis approaches is the identification of chronic crime hot spots. But, the 

identification of high-crime areas is insufficient for more complex hot spots policing 

approaches that go beyond, for example, optimizing foot patrols (Telep & Hibdon, 

2017). Helpful interventions that target chronic high-crime areas require additional 
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data sources and more holistic understandings of the crime problem in these hot spots 

(Telep & Hibdon, 2017). POP, as a more holistic crime prevention strategy, requires 

in-depth descriptions of hot spots and their opportunity and socioeconomic 

characteristics. In-depth, holistic descriptions of hot spots are, moreover, important to 

communicate an understanding of the crime problem to other community stakeholders 

that goes beyond a more narrow traditional law enforcement perspective and invite the 

communities to suggest and envision a wide range of interventions (Goldstein, 2018). 

However, tools to easily assess and communicate complex ideas about crime problems 

between police and communities are lacking (Goldstein, 2018). The analysis 

approaches undertaken in this study might offer ideas for problem-oriented hot spot 

interventions. 

1.3 Study Aims and Overview 

1. How is crime concentrated across non-traditional urban areas, such as 

small cities, suburban, and different types of rural areas? 

2. How are leading criminological concepts able to explain different types 

of crime across geographic areas? 

 

Addressing these shortcomings in one comprehensive study is the aim of this 

dissertation. The two main research questions that this dissertation follows (see above) 

encapsulate these current research gaps in the crime in micro-place literature. While 

studies have begun to raise and address the above-outlined shortcomings, to date no 

study has comprehensively addressed these issues. To achieve comprehensiveness, in 

this study I, first, developed a unique longitudinal (2010-2017) micro-place (i.e. street 
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segments) data set that integrates relevant situational and socioeconomic place 

characteristics with criminal incidence and offender data. Second, I assessed spatial 

distributions across varying geospatial contexts (i.e. urban, suburban, towns, and 

touristic-rural and traditional-rural areas). And third, I created statistical models for 

hot spots developments using multi-trajectory modeling and count-based regression 

approaches for overdispersed data to draw out crime type composition, offender 

characteristics, as well as situational and socioeconomic factors.  

Data for this study come from differing sources. Most notably, this project 

builds on community relations and data use agreements established under two 

nationally-funded research endeavors spearheaded by Dr. Tammy Anderson, Dr. Dan 

O’Connell, and Dr. Ellen Donnelly (the Delaware Opioid Metric Intelligence Project 

[DOMIP]). Data on criminal offenses, arrests, and offender characteristics stem from 

the Delaware Justice Information Systems [DELJIS]. Data on micro-place attributes 

were collected using ReferenceUSA and the US census. The designation of 

geographic areas follows the National Center of Education Statistics [NCES]. And, 

finally, the Delaware Department of Transportation provided the street-segment based 

file for this study.  

This study is unique in several regards: first, to date, this study is the only 

crime in micro-place study conducted in Delaware—a state without traditional large 

urban cities but connected to the Philadelphia-Camden-Wilmington metropolitan area; 

second, this is the first study to make use of micro-place data across all areas of a US 

state including towns and rural areas (in contrast to prior work which has focused only 

on specific large cities within states); third, the study is the first to compare several 

measures of crime concentration across non-traditional urban areas and to assess their 
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accuracy for studying non-urban areas; fourth, this is the first study that uses multi-

trajectory modeling to draw out crime compositions in micro-places; and fifth, no 

previous study has combined measures of crime composition, social disorganization, 

relative deprivation, and opportunity theories with offender characteristics to draw out 

a comprehensive picture of criminogenic micro-place pattern beyond urban-areas. 

The study, thus, makes several notable contributions to our understanding of 

crime in micro-places. First, the study shows that crime is concentrated in micro-

places across geographic areas. However, this is not a linear relationship, but crime 

concentrations also differ within more urban and more rural area types. Second, the 

study shows that while crime is concentrated in micro-places across geographic areas 

the specific compositions of crimes in high-crime areas differ. Third, the study makes 

conceptual contributions by contrasting the roles of disadvantage and situational crime 

indicators across geographic areas and by highlighting patterns of crime generating 

mechanisms. And, finally, these findings have practical implications for policing and 

other crime prevention approaches which the study underscores. 

1.4 Chapter Overview 

This first chapter of the dissertation provided an overview of the study problem 

and introduced some of the central limitations of current crime in micro-place 

research.  

Chapter 2 introduces the reader to the background and literature of crime in 

micro-place research. The chapter first describes the roots of crime and place research 

and subsequently outlines central contemporary theories of crime and place. Next, the 

chapter outlines the current state of crime in micro-place research in more detail and 

highlights two main areas that need improvement: theoretical integration, and studies 
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beyond urban areas. The second chapter closes by reiterating the purpose and research 

questions of the study. 

Chapter 3 introduces the different data sources used in this study and outlines 

the data integration effort.  

Chapter 4 is the first empirical chapter of the dissertation. In this chapter, I first 

outline the analytical strategy used in establishing crime concentrations across 

geographic areas. Next, the chapter compares the crime concentrations across 

geographic areas and, finally, discusses the findings in light of previous studies on 

crime concentrations in micro-places. 

Chapter 5 focuses on evaluating associations between hot spots and a 

comprehensive, place-based criminogenic model. Count-based regressions are 

estimated for each geographic area to compare the relative importance and consistency 

of criminogenic concepts across geographic areas. 

Chapter 6 centers on assessing the usefulness of multi-trajectory models to 

study crime in micro-places. I, first, describe the group-based multi-trajectory models 

for each geographic area and highlight, subsequently, the differing profiles of crime 

compositions, crime trends, and criminogenic concepts. 

Chapter 7 first recaps the study purpose and the main findings of the empirical 

chapters. Next, the chapter discusses the implications for future crime in micro-place 

research. Finally, the chapter discusses the implications for hot spots policing and 

long-term community-focused interventions. 
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Chapter 2 

BACKGROUND 

Crime in micro-place research is a relatively new field of criminological 

research (Weisburd, 2015). Its advent is closely linked to developments Geographic 

Information Systems (GIS) which allowed for easier handling of spatial crime data. 

The earliest studies were conducted in the late 1980s (Sherman et al., 1989). 

Theoretical advancements, which can be summarized under the umbrella term 

opportunity theories, were another factor for the development of crime in micro-place 

research (Wilcox & Cullen, 2018). These theories broke with earlier theories of crime 

and place that focused mostly on neighborhoods and their socioeconomic 

characteristics as predictors of crime, such as the work by the Chicago School on 

social disorganization (Park, Burgess, & McKenzie, 1925). However, interest in crime 

and place more generally emerged as early as crime data became available to 

researchers (in the 19th century). This early work, moreover, already raised questions 

that have stayed with crime and place research to this day. In this chapter, I will 

provide a brief overview of these roots of crime and place research (see section 2.1). I, 

specifically, highlight the origins of key research questions of crime and place 

research as well as their main theoretical underpinnings. Next (see sections 2.2 to 

2.2.3), I discuss how these theoretical roots are reflected in current theories of crime 

and place and, specifically, crime and micro-place. A key element of this chapter is the 

theoretical framework that guides the subsequent analysis of crime in micro-places in 

this study (see section 2.2.3, Figure 5). The rest of the chapter focuses on the current 

state of crime in micro-place research and the main gaps this study aims to fill (see 2.3 

and the following sections). 
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2.1 The Roots of Crime and Place Research 

From a historical perspective, the 19th century is characterized by increased 

self-observation (Osterhammel, 2015). Not only institutions such as the national 

archive, the national library, the museum, or the cinema originated in the 19th century, 

but, it marks also the beginning of statistical analyses and the social sciences—'moral 

statistics’ (Friendly, 2007; Osterhammel, 2015). A central theme of these early works 

of social science is the interest in crime and its spatial distribution (Friendly, 2007). 

Especially in Western Europe, the social tumult that followed the Napoleonic era and 

processes of urbanization3 led to concerns about dangerous classes that would emerge 

from the ranks of the impoverished city dwellers (Friendly, 2007). Enabled by the 

establishment of national crime reporting systems (e.g. France in 1825) and their 

annual publications, as well through the extensions of census surveys to include a 

range of ‘moral’ issues (Friendly, 2007), researchers in France (Balbi & Guerry, 

1829), and in Belgium (Quetelet, 1984 [1831]) explored distributions for differing 

crime types and their associations with other social characteristics. Balbi and Guerry 

(1829) were the first to use heat maps to outline distributions of property and violent 

crimes across departments (i.e. counties) in France. They showed that while crime was 

overall concentrated in more urbanized areas, the types of crimes—property and 

violent crimes—did not cluster in the same areas (see Figure 1). They, so, highlighted 

the possibility of differing crime generating mechanism for differing crime types—an 

idea that is still relevant today for crime and place research.  

 
 
3 For example, the population of Paris more than doubled over the first 50 years of the 
19th century from a population of 546,856 to one of 1,174,346 (Stovall & Stovall, 
1990). 
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Figure 1: Balbi and Guerry's 1829 Statistique compare de l etat de l’instruction et du 
nombre des crimes. Darker shadings indicate worse conditions such as more crimes. 
Left: Crimes against persons; Right: Crimes against property. (Balbi & Guerry, 1829) 

Quetelet (1831) was the first to analyze individual-level crime data in 

combination with geographic distributions of crime. The central finding was that while 

offenders were more likely to be young, male, unemployed, and poor, crime rates were 

higher in more affluent geographic areas. Quetelet concluded that while poverty was 

an important factor to predict an individuals’ propensity for crime, the opportunity 

structure of areas (e.g. what we might call today “suitable targets”) were predictive of 

where crime happens. Very similar studies were conducted during the mid-19th 

century in Great Britain (Levin & Lindesmith, 1937). Figure 2 shows a map from 

Henry Mayhew’s (1862) research on poverty in London and the UK which confirms 

that crime varies spatially across counties. Related studies that focus on crime rates 

within counties found at times patterns that seemed to contradict the expectation that 

larger aggregations of people are associated with higher crime rates. Glyde (1856) for 
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example found that middle-sized cities located at major highways had the highest 

crime rates. 

 
Figure 2: Henry Mayhew's 1862 London Labour and the London Poor: A Cyclopaedia 
of the Condition and Earnings of Those That Will Work, Those That Cannot Work, 
and Those That Will Not Work. Dark shaded counties are above average. (Mayhew, 
1862) 



 17 

Mayhew was also among the first to focus on high crime areas within cities, 

so-called “rookeries”. He argued that rookeries were strategically situated to take 

advantage of suitable targets for thievery, and lower quality policing or jurisdiction 

disputes in these areas (Brantingham & Brantingham, 1981; Mayhew, 1862; Tobias, 

1967). Some of the high crime areas identified in the mid of the 19th century have 

shown persistent high crime rates until today (Brantingham & Brantingham, 1981). 

These early works of crime and place raised already several ideas that have 

remained central to this date, such as that crime differs by levels of urbanicity, that 

different crime types have different geographic distributions, that the opportunity 

structures of places impact the likelihood of crimes to occur, and that high crime 

places might persist over long periods. However, this initial interest in the geography 

of crime ebbed over the 19th century. Maps were very difficult to create, and, without 

statistical programs, spatial comparisons were difficult to conduct (Hart & Lersch, 

2015). Moreover, many countries, such as the US, were not collecting data on crime 

and social conditions (Hart & Lersch, 2015). Accordingly, research on space and 

crime lay bare in the US until the 20th century. Especially, research that focused on 

smaller or meso geographic areas, such as Mayhew’s study on specific London 

neighborhoods, was almost completely absent during this period since it required 

intense data collection by individual researchers. And even in cases where small area 

data was collected, the data was often only used descriptively (Orford, Dorling, 

Mitchell, Shaw, & Smith, 2002). For instance, Charles Booth (1889) as well as 

W.E.B. DuBois (1899) collected neighborhood data across the cities of London and 

Philadelphia and created detailed maps down to descriptions of specific housing units 

and their social status (see Figure 3).  



 18 

 
Figure 3: At the top an example from Charles Booth’s “Maps Descriptive of London 
Poverty” made for his multivolume study “Inquiry into Life and Labour in London 
(1886-1903)” (available at https://booth.lse.ac.uk/map/16/-0.1213/51.5142/100/0). 
And at the bottom a map from W.E.B. DuBois’ “The Philadelphia Negro. A Social 
Study” titled “The Seventh Ward of Philadelphia. The Distribution of Negro 
Inhabitants throughout the Ward, and their Social Conditions.” (DuBois, 1899) 

Both designate specific housing units or streets as populated by “criminal 

classes” or by “semi criminals”. While the maps are mainly used for illustrative 

purposes, both authors connect the wider living conditions of poverty, social isolation, 

and, in the case of impoverished, predominantly African American neighborhoods in 

Philadelphia, racial discrimination to criminal behaviors and areas harboring 



 19 

populations exhibiting criminal behaviors (Booth, 1889; DuBois, 1899; Gabbidon, 

1996). But such detailed geographic area descriptions were rare and more often studies 

into the environmental factors impacting crime were based on macro-level 

comparisons of crime rates across regions or cities (DuBois, 1904).  

 
Figure 4: The concentric zone model of urban areas from Burgess chapter "The 
Growth of the City: An Introduction to a Research Project." (Park, Burgess, & 
McKenzie, 1925) 

The Chicago School around Robert Park, Ernest Burgess, Clifford Shaw, and 

Henry McKay extended DuBois and Booth’s ideas about community structures and 

delinquency in the early 20th century. The Chicago school was among the first to make 

extensive use of the newly collected census tract or neighborhood-level data that the 

1910 and 1920 census introduced for eight major US cities (Bell, 1959). The Chicago 

School understood urban areas as structured by ecological factors such as competition 
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for resources and space. Following ideas from plant ecology, they found that these 

ecological factors gave rise to “natural areas” in which they observed groupings of 

specific cultural and economic patterns (e.g. occupations). One conceptualization of 

these “natural areas” is the famous concentric zone model (Figure 4). For Ernest W. 

Burgess (1925) these classifications functioned as a shorthand for specific cultural 

characteristics (close to what we might call lifestyles today):  

“In the zone of deterioration circling the central business section are always 
found the so called “slums” and “bad lands” with their submerged regions of 
poverty, degradation, and disease, and their underworlds of crime and vice. 
Within a deteriorating area are rooming house districts, the purgatory of “lost 
souls”. Nearby is the Latin Quarter, where creative and rebellious spirits resort” 
(54ff.).  

These differing “natural areas” or sections of cities, in turn, were associated 

with differing crime rates. Specifically, they argued that despite regular population 

turnover and changes in the ethnic composition, the “Transitional Zone” (Zone II in 

Figure 4) showed chronic high crime rates (Deardorff, 1930; Park et al., 1925; Shaw, 

Cottrell, McKay, & Zorbaugh, 1929). During the 1930s Shaw and McKay extended 

these conceptual ideas to the neighborhood level to study delinquency (Shaw & 

McKay, 1942). They articulated what we today understand as social disorganization 

theory; they argued that high crime areas were places with higher levels of poverty, 

with racial and ethnic heterogeneity, and with higher levels of family disruption. 

These neighborhood conditions led to an inability of communities to develop common 

values or solve common problems (Shaw & McKay, 1942), moreover, as outlined in 

the quote above by Burgess, many in the Chicago School believed that these 

neighborhood conditions gave rise to deviant subcultures (Blackman, 2014).  
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These early neighborhood studies have received a multitude of critiques. 

Critiques pointed out that the use of official crime statistics could be biased by 

policing practices (Robinson, 1936; Short Jr & Nye, 1958), that their studies did not 

reflect crime distributions but offender distributions (Boggs, 1965; Brantingham & 

Brantingham, 1981), that their models were static and did not reflect urban dynamics 

(Bursik Jr, 1984), or that their findings did not hold for other cities or areas (Baldwin, 

Bottoms, & Walker, 1976; Morris, 1957). The most influential criticism, for crime in 

micro-place studies, against these early neighborhood studies is the problem of 

focusing on neighborhoods itself. Larger geographic areas with similar levels of, for 

example, poverty might consist of quite different subpopulations or sub-area 

characteristics that only average out to similar levels on a larger geographic scale 

(Robinson, 1950). This is especially important if studies are interested in lower level 

associations (e.g. an individual’s experiences of poverty and delinquency, or the crime 

rate at a specific place) but use larger level associations due to the unavailability of 

data. 

2.2 Contemporary Approaches to Crime and Place 

Overall, these early studies have left a rich legacy for crime and place research. 

As stated, questions such as whether high-crime areas are chronic, the role of the 

modern urban environment, the differences of geographic distributions by crime types, 

as well as the fundamental question of what mechanisms produce these different 

geographic patterns have remained. However, the understanding of how places impact 

crime focused mostly on how specific neighborhood conditions might produce 

motivated offenders but neglected how places also structure opportunities for crime 

(Brantingham & Brantingham, 1981). 
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Most contemporary research on crime and place, especially on the micro-place 

level, can be summarized under the umbrella term of opportunity theories (Weisburd 

et al., 2016; Wortley & Mazerolle, 2008). As with crime in micro-place research in 

general, these opportunity theories were advanced by researchers concerned with 

applied research, mainly in crime prevention (Laycock, 2005; D. Weisburd et al., 

2016). In the most general sense, these theories combine assumptions of rational 

choice theory on the offender site with the opportunity structures of places to account 

for high crime concentration in specific hot spots (see chapter 2.2.1). However, very 

recently researchers of crime and place (Hipp & Williams, 2020), and, specifically, 

crime in micro-places (Weisburd & Eck, 2017), have raised concerns about the one-

sided focus on opportunity theories and raised the question how to reintegrate 

structural theories such as social disorganization (see chapters 2.2.2 and 2.2.3). 

2.2.1 Opportunity Theories 

The rational choice perspective in criminology developed as a counter 

perspective to subcultural theories that saw criminal behaviors as the outcome of 

socialization processes and brought about by stable deviant motivations (Cornish & 

Clarke, 1986). If crime is motivated by deep-seated criminal dispositions, the only 

effective crime prevention strategy would be to intervene in the socialization processes 

into deviance, while any situational crime prevention efforts would, accordingly, result 

in crime displacement (Cornish & Clarke, 1987). But, for example, empirical research 

which shows that displacement is not inevitable is incompatible with this perspective 

(Cornish & Clarke, 1987). Rational choice theories of crime extend the general model 

of action—people have needs and desires, hold assumptions about how these can be 

fulfilled, and take actions to achieve these goals—to understand offenders’ choices to 
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commit crimes (Freeman, 1999). The main insights for crime and place research from 

rational choice approaches are that different types of crime fulfill different needs or 

desires, that crime events unfold based on the bounded rationality of offenders, and 

that situational and place characteristics impact offenders assessments of the 

likelihood that a specific action will bring about the desired outcome (Cornish & 

Clarke, 2008). The importance of places for rational choice approaches is, maybe, best 

captured in the idea of crime scripts and how criminal events unfold (Cornish & 

Clarke, 2006). For example, places enter into crime scripts for residential burglaries 

(in an ideal-type scenario) in so far that the target area influences what roles potential 

offenders might enact (e.g. repair or delivery person for residential burglary) or what 

cues about rewards and risks potential offenders perceive (Cornish & Clarke, 2006). 

Simply, a thief might steal from a fruit stand if the owner is out of sight but avoid 

doing it while the owner watches the stand (Sutherland, 1947). Overall, rational choice 

theories see the immediate environment as the prime source of cues or information 

used by potential offenders to decide whether or not to commit a specific offense. 

 For crime and place research, rational choice theories have several important 

implications. First, since crimes fulfill specific desires and are not simply 

interchangeable (e.g. desires or goals for burglaries and assaults differ) and since 

offenders hold different assumptions about where a specific offense is most likely to 

succeed, we would expect to see different areas to be impacted by different crime 

types. Second, offenders’ rational choices of places are based on specific place 

characteristics and choices will change if place characteristics change. Accordingly, 

high crime areas might change over time depending on changes to place 

characteristics. However, since offenders also form patterns and routines if place 
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characteristics remain unchanged, areas might remain chronic crime hot spots over 

long periods. 

Opportunity theories are in many ways specifications of the main assumptions 

of rational choice theory but with a stronger focus on the role of concrete situations or 

places. For example, theories of situational precipitators pointed out that the above-

outlined ideas of rational choices theories and crime-scripts work best for crimes such 

as property offenses but may be less able to account for an assault during a night out in 

a bar, or to explain why crime prevention efforts might actual entice defiance and 

deviance (Wortley, 1997; Wortley, 1998). While rational choice theories focus on 

offender goals, possible outcomes of behaviors, and the environment as an enabling 

factor, theories of situational precipitators think about motivations and goals of 

offenders as situationally motivated and focus on the environment as an initiating 

factor (Wortley, 2008). Accordingly, instead of seeing offenses as deliberate and 

conscious choices by offenders, these theories see behaviors as often sub-cognitively 

motivated and involuntary. These opposing considerations would lead to quite 

different approaches to crime prevention (Cornish & Clarke, 2003; Wortley, 2001). 

For instance, these considerations lead researchers to consider how overcrowded bars 

might be associated with night-club violence or how urban traffic patterns might lead 

to frustration and incite road-rage (Wortley, 2008). 

The other two most prominent opportunity theories—routine-activity theory 

and crime pattern theory—are less of a critique of rational choice and more a 

conceptualization from an environmental criminological perspective. Cohen and 

Felson’s (1979) routine-activity approach has become the most prominent opportunity 

theory. In their initial study, they set out to explain crime trends on macro and meso 
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geographic levels, specifically US-wide crime trends over the post-World War II 

period.4 Their basic argument was that routine activities, activities that fulfill 

individual needs across societies—such as work, provision of food, learning, 

childrearing, as well as leisure activities—have shifted from unfolding at home to 

happening outside the household (Cohen & Felson, 1979). Accordingly, they argued 

we should expect a higher likelihood that “motivated offenders will converge in space 

and time with suitable targets in the absence of capable guardians” (Cohen & Felson, 

1979:593). Crime pattern theory as developed by Patricia and Paul Brantingham 

(1981; 1993a) starts from a very similar vantage point as the routine-activity theory. 

They argue that the interactions of targets, offenders, and opportunities show 

discernable patterns across time and space. Simple examples of this statement include 

that shoplifting is bound to the opening hours of stores or that bar fights are more 

likely to occur during the evening hours on Fridays and Saturdays (Brantingham & 

Brantingham, 2008). The main takeaways for crime in micro-place studies come from 

the conceptualization of activity spaces, consisting of nodes—places where the paths 

of many people converge for daily routines—and routes—paths connecting nodes 

(Brantingham & Brantingham, 1993a). Nodes are often understood as locations where 

the activity spaces of motivated offenders and suitable targets converge. Accordingly, 

places that are located near nodes will experience more crime than others 

(Brantingham & Brantingham, 1993b). Overall, crime pattern theory distinguished 

 
 
4 The US was experiencing stark improvements in economic and social conditions, but 
crimes rates remained high or increased which, according to Cohen and Felson (1979), 
was incompatible with many then favored theories of crime that focused on what 
motivated people to commit crimes. 
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spaces that can be thought of as general “crime generators” which attract people for 

reasons unrelated to criminal motivation, but which nonetheless increase the 

likelihood of specific criminal incidences due to appropriate concentrations of people 

(Brantingham & Brantingham, 2008). These spaces include entertainment districts, 

sports stadiums, or office areas. Similarly, crime pattern theory also identifies so-

called “crime attractor” spaces. These are spaces that are well known for opportunities 

for specific crimes and are frequented by motivated offenders for exactly these 

opportunities, such as drug markets, insecure parking lots, or bar districts 

(Brantingham & Brantingham, 1981).5 However, crime pattern theory acknowledges 

that not all of these spaces have the same likelihood for criminal offenses to occur, and 

not all bars become crime hot spots (Madensen & Eck, 2008). The likelihood of 

criminal incidences is not only impacted by aggregations of suitable targets and 

motivated offenders in places, especially crime generators and crime attractors, but the 

levels of local guardianship, and the availability of handlers, as well as place 

managers, impact the likelihood of crimes to occur (Eck, 2003). 

 
 
5 There can be some overlap between spaces that are deemed crime generators and 
crime attractors. In practice crime attractors are sometimes difficult to operationalize 
since definitions of, for example, drug markets require access to crime data and other 
operationalizations of crime attractors, for example through bar locations, overlap with 
operationalizations of crime generators. Moreover, in crime in micro-place studies that 
focus on street addresses instead of street segments as well as in everyday policing 
practices, an individual bar or nightclub is sometimes considered a hot spot. 
Opportunity theories stress, however, that while a crime generator, such as a bar, can 
become a hot spot or lead to higher crime rates in surrounding areas, there is no 
necessity for a bar to become a hot spot and, in fact, not all bars or nightclubs are 
crime hot spots. Whether a crime generator produces a hot spot depends on other 
factors as well, for example local guardianship. 
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Opportunity theories are the backbone of crime in micro-place research 

(Weisburd & Eck, 2017). They offer the clearest explanation of why crime should be 

concentrated in very micro-spaces, such as street-segments or specific addresses, and 

their general assumptions were, accordingly, the backdrop for the earliest crime in 

micro-place studies (Sherman et al., 1989). While this early research was often unable 

to operationalize place-characteristics outlined by opportunity theories, contemporary 

studies have experimented with different ways to integrate crime generators, crime 

attractors, as well as local guardianship in micro-place studies (see chapter 2.3.2). 

These theories lead to the question why specific microspatial units should have higher 

crime concentrations, net of “unchangeable” offender motivations, and, accordingly, 

they offer potential crime prevention strategies by manipulating place characteristics. 

Hot spots policing approaches which focus on finding the optimal guardianship rate 

are one example of the practical relevance of opportunity theories (Koper, 2014).  

2.2.2  Socioeconomic Theories 

While most contemporary research on place and crime, especially crime in 

micro-places, centers on opportunity structures, there has been an increased interest in 

reintegrating socioeconomic theories of crime (Weisburd, Shay, Amram, & Zamir, 

2017). The groundbreaking work by the Atlanta Sociological Laboratory and the 

Chicago School on neighborhood structures and social issues (see chapter 2.1) has 

persisted in crime and place research in two major ways: The first strain of research 

focuses on how disadvantaged neighborhoods might produce motivated offenders, 

while the second approach follows a narrower conceptualization of social 

disorganization theory and addresses the role of social ties and social control in 

predicting crime locations. 
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While, as outlined, opportunity theories of crime see criminal propensity as a 

given or argue that situations can entice people into criminal behaviors, even within 

opportunity theories there has been a steady interest on where people, who offend in a 

specific area, come from (Brantingham & Brantingham, 1993b). For instance, studies 

on violence have shown that specific residential areas are highly impacted and 

stipulated that a majority of offenders are “insiders” (Brantingham & Brantingham, 

1993b). Several explanations have been advanced to explain why certain areas might 

have more motivated offenders. Since the 19th century, sociologists and criminologists 

have debated the role of business cycles and economic conditions in producing 

motivations for deviance and crime (McDonald, 1976; Messner & Rosenfeld, 2001). 

Property crimes, for example, have been shown to increase in times of economic 

downturns (Cook & Zarkin, 1985; Ogburn & Thomas, 1922). The assumption is that 

blocked opportunities, economic consideration, and desperation lead to more 

motivated offenders in areas with high rates of poverty or unemployment, as residents 

seek daily survival (Allen, 1996; Bonger, 1916; Duck, 2015; Lynch & Stretesky, 

2001; Messner & Raffalovich, 2001; Vold & Bernard, 1986; Williams & Flewelling, 

1988). Relations between absolute economic deprivation, or concentrated 

disadvantage, and crime rates have overall found strong empirical support, albeit the 

exact magnitude and pathways are debated (Patterson, 1991; Pratt & Cullen, 2005). If 

poverty is heavily spatially concentrated and since for many offenses the journey to 

crime is rather short (Johnson & Carter, 2019; G. F. Rengert, 2012; Vilalta & 
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Fondevila, 2018),6 neighborhoods and areas with higher levels of concentrated 

disadvantage might have more motivated offenders and accordingly higher crime 

rates.  

While poverty is in the public conscience often associated with cities and 

minority neighborhoods, especially predominantly Black neighborhoods (Anderson, 

2012), rural and other non-urban areas have historically higher rates of poverty and, 

especially, deep poverty (Wang, Kleit, Cover, & Fowler, 2012; Weber & Miller, 

2017). An extension of absolute deprivation theories is the racial invariance thesis 

which assumes that net of economic factors no differences in offending rates between 

Whites and Blacks exist and that higher offending rates among Blacks for certain 

offenses are connected to the legacy of racism and racial segregation that lead to 

higher rates of poverty and social exclusion among Blacks and Black neighborhoods 

(Blau & Blau, 1982; Hernandez, Vélez, & Lyons, 2018; Sampson, Wilson, & Katz, 

2018). Overall, few studies have addressed how concentrated disadvantage impacts 

crime in non-urban areas (Donnermeyer & DeKeseredy, 2013), and no studies, to date, 

have addressed relations between micro-places, concentrated disadvantage, and non-

urban areas in the US (see chapter 2.3.3). 

An alternative to the absolute deprivation approach, centering on concentrated 

disadvantage, can be found in the concept of relative deprivation (Blau & Blau, 1982; 

Cloward & Lloyd, 1960; Merton, 1968). Several studies have argued that poverty is a 

subjective concept and people define their socioeconomic positions relative to their 

 
 
6 Albeit, whether this distance to crime relation hold for all offenders or only the most 
prolific and how to accurately measure the relation is debated (Andresen, Frank, & 
Felson, 2014; Koppen & Keijser, 1997; Townsley & Sidebottom, 2010). 
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peers (Saunders, 2008). In this perspective poverty per se is not associated with 

criminal activity but only if individuals perceive their social status as low in 

comparison to others (Webster, 2017). Moreover, researchers argue that this effect is 

amplified if individuals perceive their social status as ascribed and not earned. 

Examples of this would include perceptions of racial discrimination as a cause of 

reduced economic opportunities (Blau & Blau, 1982), or the perceptions of falling 

behind previous generations and the American dream more general (Homan, 

Valentino, & Weed, 2017). Individual-level concepts such as strain theories, which 

highlight the role of emotional responses to perceptions of positive and negative life-

chances and life-events, underscore this perspective (Agnew, 1999, 2013; Thaxton & 

Agnew, 2018; Webster, 2017). Overall, studies have found support for theories of 

relative deprivation or neighborhood inequality (Pratt & Cullen, 2005). However, 

crime in micro-place research has paid even less attention to relative deprivation as it 

did to absolute deprivation (see chapter 2.3.2). 

An alternative approach used to explain crime concentrations in lower-income 

communities that focuses less on motivated offenders can be found in the multiple 

extensions of the work of the Chicago School and social disorganization theory. Social 

disorganization theory follows a similar logic as other place-based approaches (i.e. 

opportunity theories) and argues that crime and deviance are a matter of social control 

(Bursik Jr & Grasmick, 1993). Social control, in turn, is here seen not as based on 

formal control mechanisms (e.g. police patrols) but through informal mechanisms 

(Sampson, Raudenbush, & Earls, 1997). They argue that to enact informal social 

control there needs to be a shared set of values that people want to uphold, as well as 

motivations to enact social control to maintain the values and order people informally 
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or formally agree upon (Sampson, 2012). Lower levels of social control have been 

theorized as connected to economically disadvantaged communities through deviant 

subcultures that hold law and order not in the same regard as other more affluent 

communities, through higher levels of residential overturn which lowers commitments 

to maintain local orders, or through missing resources in lower-income communities 

to follow through on shared values and concerns (Kubrin & Weitzer, 2003). Social 

disorganization theory has been applied to diverse levels of urbanization and studies 

have, overall, found support for its relation to crime (Donnermeyer & DeKeseredy, 

2013; Sampson, 2013). Place-based research is rarely able to operationalize social 

disorganization in the complex ways that contemporary theories of collective efficacy 

and social organization advocate for (Hipp, 2016). More common are approaches that 

use levels of neighborhood disadvantage, residential instability, or juvenile 

delinquency as proxies for social disorganization. Social disorganization theory 

overlaps here also with opportunity-based approaches that try to operationalize local 

guardianship levels through measuring levels of social-wellbeing organization at 

places (Weisburd, White, & Wooditch, 2020). Overall, crime in micro-place research 

has increasingly shown interest in revisiting the role of social disorganization—albeit, 

studies on non-traditional urban areas have so far been absent from this theoretical 

push (see chapters 2.3.2 and 2.3.3). 

2.2.3 Current Theoretical Developments: Towards an Integrated Framework 

Researchers on crime and place have raised concerns about the current state of 

the field's theoretical development (Hipp & Williams, 2020; Weisburd et al., 2016), 

specifically regarding crime and micro-places (Levin, 2018; Weisburd & Eck, 2017). 

Most current crime and place research focuses on increasing predictive capabilities 
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and crime prevention while neglecting theorizing causes of crime concentrations 

(Weisburd & Eck, 2017). As highlighted (see chapter 1.1), this one sited focus might 

lead to inefficient crime prevention strategies (Weisburd & Telep, 2014), and it might, 

especially, undermine problem-based and community involved interventions which 

have been found among the most promising hot spot interventions (Braga et al., 2014).  

One strategy for theoretical advancement that has recently been suggested is to 

reintegrate opportunity and socioeconomic theories of crime and place (Kim, 2018; 

Levin, 2018; Weisburd et al., 2012). As outlined above (see chapter 2.2.2), structural 

theories of crime are relevant to crime in micro-place research since motivated 

offenders might cluster in specific micro-places. Moreover, crime in micro-place 

research argues that micro-places represent micro-communities with their own 

“behavior settings” (Wicker, 1987), thereby structuring daily routines (Taylor, 1997), 

and, accordingly, impacting levels of social disorganization and collective efficacy 

(Kim, 2018; Taylor, 1997; Weisburd & Eck, 2017; Weisburd et al., 2012). 

Overall, the call for theoretical integration of opportunity and structural 

theories of crime and place is receiving increasing empirical attention (see chapter 

2.3.2), only limited by availabilities of appropriate indicators on the micro-place level 

(Kim, 2018). However, this current concept of theoretical integration is still missing 

relevant information to develop in-depth crime prevention efforts. While individuals 

and their characteristics play, as outlined (see chapter 1.2), only a limited role in crime 

and place research, both theoretical traditions acknowledge, for example, that 

knowledge about travel pattern to specific hot spots might be relevant to build 

successful interventions (Brantingham & Brantingham, 1999; Bruinsma & Pauwels, 
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2017; Sorg, 2016). Sorg (2016), for instance, found that there exist important 

differences in offender travel distances between hot spots. 

Figure 5 shows an integrated theoretical model. Crime hot spots can be defined 

by their crime compositions (Quick, Li, & Brunton-Smith, 2018), as well as their 

offender compositions (Brantingham & Brantingham, 1999; Sorg, 2016). Crime 

concentrations in hot spots, as well as their specific compositions, are, in turn, 

impacted by socioeconomic and opportunity structures of places. 

 
Figure 5: Theoretical Model Linking Opportunity and Socioeconomic Concepts to 
Crime Hot Spots. 

 As figure 5 shows, socioeconomic theories of crime, no matter what the 

specific mechanisms are through which they impact crime (e.g. inequality or absolute 

deprivation), predict direct effects on crime hot spots. Opportunity theories of crime 
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highlight how places can be exposed to crime generators or can be public places that 

increase the likelihood of crime occurrences, while increased guardianship in places 

might deter crime. Socioeconomic factors might exacerbate the negative impacts of 

crime generators or public places (e.g. places have both drug markets and residents 

with a higher propensity for criminal involvement). Similarly, socioeconomic 

disadvantage should lower the effectiveness of guardianship at places. Finally, the 

opportunity and socioeconomic micro-place structures of places should impact the 

offender and crime composition. Public places and places with crime generators are 

likely to attract people not only from areas close by (e.g. people travel to bars or retail 

areas from further away), and higher levels of local guardianship might deter people 

from close by areas at a higher rate (e.g. offenders know that those spaces are 

protected or have personal links to people involved in protection efforts). 

Socioeconomic disadvantage in micro-places might lead to increases in all types of 

crimes and deviance, while opportunity structures might be crime specific (e.g. retail 

areas incite thefts but not violent crimes).  

Place-based crime preventions need to draw on a magnitude of community 

stakeholders to become effective (Braga et al., 2014; Goldstein, 1990), especially 

when targeting chronic-crime hot spots that have been impacted for long periods 

(Weisburd et al., 2016). To change the fundamental characteristics of places, simple 

foot-patrols might not be enough (Haberman, 2015; Telep & Hibdon, 2017). But to 

develop problem-based and community-involved interventions, we need information, 

about hot spots that allow the multiple stakeholders to draw an in-depth picture of the 

crime problem and communicate to their differing constituents (Telep & Hibdon, 

2017). Drawing together information about opportunity characteristics of hot spots as 
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well as their wider social context while also integrating offender characteristics might 

offer the needed comprehensive framework to develop more targeted and long-lasting 

place-based crime interventions (Bjørgo, 2016; Telep & Hibdon, 2017). However, to 

date, few studies have operationalized comprehensive, descriptive approaches of crime 

hot spots (see chapter 2.3.2). The current project works towards filling this gap. 

2.3 Empirical Studies on Crime in Micro-Places 

Empirical research has not yet evaluated such an integrated framework (see 

chapter 2.2.3, especially Figure 5). However, research has recently taken strides in 

establishing the law of crime concentration as well as taken first steps towards 

evaluating approaches that integrate opportunity and structural theories. Below, I 

summarize the current state of empirical research on crime in micro-places. I first 

describe studies that focus on establishing the law of crime concentration and the 

debates about the appropriate methods to establish it (see section 2.3.1). Next, I focus 

on highlighting studies that have integrated opportunity and structural predictors of 

crime in micro-places (see section 2.3.2). Following, I argue that offender 

characteristics have only received minor attention (see section 2.3.2) and that studies 

have had an urban bias (see section 2.3.3). I summarize these considerations and show 

that crime in micro-place research has two major theoretical and empirical gaps: the 

need for a truly integrative theoretical framework of crime in micro-places and the 

need to study non-traditional urban areas (see section 2.4).  

2.3.1 Studying Crime Concentrations 

As outlined (see Chapter 1), the importance of assessing crime in micro-places 

cannot be overstated. If crime is highly spatially concentrated, this has implications for 
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crime prevention, assessments of fear of crime, and it would offer ways to compare 

crime across cities as well as crime types (Curiel, 2019). Since the advancement of 

GIS in the 1980s and 1990s and the seminal study by Sherman et al. (1989) over 44 

studies have assessed crime concentrations in micro-places (Lee, Eck, SooHyun, & 

Martinez, 2017). The persistence of high levels of crime concentration found in these 

studies has led to terms such as the “iron law or crime concentration” (Wilcox & Eck, 

2011), or the “law of crime concentration” (Weisburd, 2015).  

Studies before Sherman et al.’s (1989) work estimated the concentration of 

crime in specific households using survey data on victimization from the National 

Crime Survey (Hindelang et al., 1978; Nelson, 1980). These studies were important in 

establishing that many cases of property and violent crimes are concentrated among a 

small number of victims and households.7 Other early work studied crime 

concentrations in larger geographic areas, such as the “natural areas” established by 

the Chicago school (Schmid, 1960). These studies showed, as predicted by the urban 

area model, that a large percentage of crimes, especially serious crimes, were 

concentrated in city centers. Other early studies focused on identifying specific place 

characteristics (e.g. doormen in apartment buildings, store locations near vacant lots, 

types of commercials stores) that showed lower or higher levels of property crimes 

and robberies (Clifton Jr & Callahan, 1987; Davis, 1987; Duffala, 1976; Reppetto, 

1974; Waller & Okihiro, 1978). However, Sherman et al.’s (1989) study was the first 

to use official offense data at micro-places (e.g. in this case specific addresses) to 

 
 
7 This research venue has continued as well (Culatta, Clay-Warner, Boyle, & Oshri, 
2017; de Melo, Andresen, & Matias, 2018; Hoppe & Gerell, 2019; Osborn & Tseloni, 
1998; Polvi, Looman, Humphries, & Pease, 1991; Tseloni & Pease, 2003). 
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calculate crime concentrations. The study examined over 300,000 calls-for-service to 

the police across over 100,000 addresses in Minneapolis (1986). They found that 50% 

of all crimes were concentrated in 3% of addresses with even higher levels of 

concentration for specific offenses (e.g. robbery 2.2%, vehicle theft 2.7%, or rape in 

1.2% of addresses). A study conducted around the same time in Boston, by Pierce, 

Spaar, and Briggs (1988), found that 3.6% of all street addresses covered 50% of calls 

to police. Since the early 2000s, and especially in recent years, research on crime 

concentration in micro-places has found support for about 4-5% of micro-places 

accounting for about 50% of all crimes (Boivin & de Melo, 2019; Braga, Hureau, & 

Papachristos, 2011; Braga, Papachristos, & Hureau, 2010; Curman, Andresen, & 

Brantingham, 2015; de Melo, Matias, & Andresen, 2015; Haberman et al., 2017; 

Jaitman & Ajzenman, 2016; Lee & Eck, 2014; Lee et al., 2017; Levin, Rosenfeld, & 

Deckard, 2017; Steenbeek & Weisburd, 2016; Weisburd, 2015; Weisburd & Amram, 

2014; Weisburd et al., 2012; Weisburd, Morris, & Groff, 2009). 

But, as the early studies had already shown (Sherman et al., 1989), crime 

concentrations differ significantly between crime types (Andresen & Linning, 2012). 

Researchers around Martin A. Andresen, working mostly on crime in Canadian cities, 

showed that property crimes such as theft, theft from vehicles, car theft, and burglary 

were less spatially concentrated than violent crime such as assaults, robberies, or 

sexual assaults (Andresen & Linning, 2012; Andresen, Linning, et al., 2017; Andresen 

& Malleson, 2011). However, other studies have found no differences across crime 

types or even higher concentrations of property crimes, depending on the percentage 

of crimes included in the calculation (Park, 2019). These findings revisited an old 

question: are different crime types associated with the same sets of risk factors and 
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predictors as some ecological theories would suggest (Weisburd et al., 1992). 

Moreover, since most current methods of crime in micro-place research estimate one 

dependent variable at a time (e.g. trajectory models or regression models for all 

crimes, or all property crimes, or sub-types one by one) we know little about crime 

compositions in micro-places as well as whether the same sets of risk factors are 

impacting them (Haberman, 2017). This question has important implications for hot 

spot policing since differing hot spot generating mechanisms might require differing 

interventions (Telep & Hibdon, 2017). Recent studies have found that there is only 

very limited overlap for micro-place hot spots for specific crime types (Haberman, 

2017)—a finding that doesn’t seem to hold for larger geographic areas such as block-

groups (Law, Quick, & Jadavji, 2020). Moreover, Quick et al. (2018) found that on the 

block-group scale similar crime generating mechanisms are associated with differing 

crime types. 

Recent advances in trajectory modeling, one of the most commonly used 

approaches in crime in micro-place research (Levin, 2018), specifically the extension 

to multi-trajectory modeling (Nagin, Jones, Passos, & Tremblay, 2018), might allow 

for a new perspective on crime composition in micro-places. Instead of modeling 

trajectory groups separate for each crime type, multi-trajectory models define groups 

by multiple outcome variables (e.g. types of crime) at once (Nagin et al., 2018). 

Accordingly, this approach also allows us to evaluate associations between predictors 

and groups with differing crime type compositions. However, to date, no study on 

crime in micro-places has utilized this analysis approach to study crime 

concentrations.  
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Hipp and Kim (2017) outlined additional challenges. They argue that the law 

of crime concentration is difficult to test since the bandwidth into which crime 

concentrations should fall is not clearly defined (Hipp & Kim, 2017; Hipp & 

Williams, 2020). Connected to this is the problem of what the appropriate macro unit 

or area is in which to study crime concentrations in micro-places. Most studies use 

“the city” to study crime, but definitions of area boundaries impact crime 

concentrations and researchers do not use one coherent definition of city boundaries 

across the US or, even less though, the world (Hipp & Williams, 2020). This problem 

is exacerbated, as I outline below (see chapter 2.3.3), if we take into account that 

studies beyond traditional-urban areas seem to find differing bandwidths of crime 

concentration (Gill et al., 2017; Hibdon, 2013; Hipp & Kim, 2017; Macbeth & Ariel, 

2019; Park, 2019). One solution to this problem might be to use one consistent 

classification of urban-rural areas (see chapter 3.3). 

The current assumptions about the law of crime concentration are also based 

on approaches that include all places in their analysis, including micro-places that 

have a very low probability to encounter crime to start with (Andresen, Linning, et al., 

2017; Hipp & Kim, 2017; Levin et al., 2017; Malleson, Steenbeek, & Andresen, 2019; 

Steenbeek & Weisburd, 2016). Studies that include, for example, only places that saw 

at least one crime event (termed the frequency approach (Lee et al., 2017)) indicate 

that crime is less concentrated and within a wider bandwidth than expected by the law 

of crime concentration (Boivin & de Melo, 2019; Lee et al., 2017; Steenbeek & 

Weisburd, 2016). However, since establishing what places have the opportunity to 

encounter a crime event is arbitrary from the outset (e.g. including only places that 

have at least one crime event) or at least requires intense research and justification 
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why specific places should be excluded from the outset, it seems reasonable to 

continue to use all places in the denominator—the “prevalence” approach (Lee et al., 

2017). 

Finally, and most importantly, research has pointed out that many approaches 

to establishing crime concentrations have used rather naïve approaches (Bernasco & 

Steenbeek, 2017; Curiel, 2019; Hipp & Williams, 2020). Since crime is an overall rare 

phenomenon and, in many studies, there are more micro-places than crimes, there will 

be crime concentration that is occurring “naturally” (Bernasco & Steenbeek, 2017). 

Accounting for these issues is especially important if we study crime disaggregated or 

across geographic areas that have lower crime counts, to begin with. And, only 

unbiased estimations of crime concentrations allow comparisons across settings (G. 

Mohler, Brantingham, Carter, et al., 2019). Several methods based on the Gini 

approach and adjustments to the Lorenz curve have been proposed to account for this 

problem (Bernasco & Steenbeek, 2017; G. Mohler, Brantingham, Carter, et al., 2019; 

Curiel, Collignon Delmar, & Bishop, 2018). Mohler et al. (2019) show that the 

standard Gini approach overestimates crime concentration in cases of few crimes and 

many micro-places, while the Generalized Gini, proposed by Bernasco and Steenbeck 

(2017), underestimated concentrations for low counts before overestimating 

concentrations for high crime counts. Instead, Mohler et al. (2019) propose using a 

Poisson-Gamma adjustment to the Gini that they find in simulation studies to 

accurately reflect true prevalence rates even for very low crime counts and many 

places. To date, only one study has applied this approach (Amemiya & Ohyama, 

2019). Amemiya and Ohyama (2019) used the approach to estimate crime 

concentrations in census enumeration districts in Osaka, Japan. While they find that 
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the crime concentrations are comparable with expectations from prior studies, the 

areas used in their study are far larger than in common micro-place studies, and, 

accordingly, the problem is less pronounced to start with. Moreover, they do not 

compare the differing approaches to the Gini and can, therefore, not empirically 

support Mohler et al.’s (2019) assertions.8  

Overall, the review of current research on crime concentration in micro-places 

highlights three major ways in which this project can contribute to current debates. 

Firstly, and as I will outline in more detail (see chapter 2.3.3) most of what we know 

about crime concentrations is based on urban areas. Only a few studies have addressed 

crime concentrations beyond urban areas, mostly suggesting that crime concentrations 

differ across geographic areas. However, since most police departments across the US 

use some form of hot spots policing, this one-sided urban focus represents a major 

discrepancy that could impact the effective deployment of police resources. Secondly, 

many studies look at aggregates of all crimes or focus on crime types separate from 

one another. Fewer studies look at combinations of crime types in micro-places. But, 

as outlined, since differing crime types might require differing interventions, more 

information is needed on the combinations of crime occurrences. Multi-trajectory 

modeling might offer unique venues to address this issue. Thirdly, while several recent 

studies have aimed at refining measures of crime concentration and develop 

 
 
8 Other shortcomings in establishing the law of crime concentration address the 
temporal stability of crime hot spots—even if we have the same levels of crime 
concentration over time, are the same micro-places impacted, consistently over time 
(Boivin & de Melo, 2019; Bowers, Johnson, & Pease, 2004; Favarin, 2018; Gorr & 
Lee, 2017; Levin, 2018; Levin et al., 2017; G. O. Mohler et al., 2017; Norton, Ariel, 
Weinborn, & O’Dwyer, 2018; Ratcliffe, 2004b). 
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approaches that can be used to compare crimes across settings and adjust for rare 

event problems, to date no studies have compared these approaches empirically. 

2.3.2 Studying Predictors of Crime in Micro-Places 

As outlined above (see chapter 2.2.3) researchers of crime and place, 

specifically crime in micro-places, have advocated for more theoretical grounded 

research and testing of relations between opportunity as well as socioeconomic 

indicators and crime hot spots (Braga & Clarke, 2014; Telep & Hibdon, 2017; D. 

Weisburd & Eck, 2017). So far research has focused on three main questions: are 

socioeconomic place characteristics (e.g. poverty) associated with crime in micro-

places; how to operationalize socioeconomic predictors of crime in micro-places; and 

what analytical strategy to use. 

One of the earliest studies that aimed at integrating opportunity and 

socioeconomic approaches in micro-place research was Weisburd’s, Groff’s, and 

Yang’s (2012) analysis of crime in street segments in Seattle from 1989-2004. The 

study drew on a wide range of opportunity indicators such as bus stops or retail sales, 

and socioeconomic place characteristics such as racial heterogeneity or housing 

assistance. Their overall model was used in a multinomial regression approach 

predicting chronic crime hot spots compared to crime-free street segments, established 

through group-based single-trajectory models. They find that their model explained 

around 60% of the variation between the two groups. Chronic crime hot spots were 

strongly associated with opportunity and structural factors, albeit opportunity 

indicators showed even stronger associations (Weisburd et al., 2012). Subsequent 

studies have overall found additional support for the importance of including both 



 43 

opportunity and socioeconomic predictors in micro-place studies (Kim, 2018; Levin, 

2018; Weisburd et al., 2017, 2020).  

Braga and Clarke (2014) pointed out that Weisburd’s, Groff’s, and Yang’s 

study was the first to approach the problem of addressing what predicted chronic-

crime trajectories using an integrated theoretical framework. However, the authors 

argued that the data sources Weisburd and colleagues (2012) drew on, as well the 

interpretation of their findings—which argued that collective efficacy could be 

manipulated to tackle chronic-crime hot spots—were inappropriate (Braga & Clarke, 

2014).9 Since data on micro-places is not readily available Weisburd, Groff, and Yang 

(2012) used a multitude of sources from openly available business information, to data 

requested from the Seattle Department of Transportation, Seattle Public Schools, or 

the Seattle Housing Authority. This data collection strategy comes with the drawback 

that comparative studies are difficult to conduct since data is not readily available and 

 
 
9 Braga and Clarke (2014) equate research on social disorganization with research on 
collective efficacy and favor operationalizations of social disorganization theory that 
directly measure how willing people are to intervene towards the good of their 
communities, collected through, for example, neighborhood surveys (e.g. Weisburd, 
White, & Wooditch, 2020). They also question whether collective efficacy is a micro-
level concept to begin with (see also: Brantingham, 2016; Sampson, 2013). However, 
the reduction of appropriate structural indicators of crime in micro-places to collective 
efficacy measures captures, as outlined (see chapter 2.2.2) only one structural 
mechanism that has been advanced in the crime and place literature. And, subsequent 
crime in micro-place research has operationalized social disorganization predictors of 
crime beyond collective efficacy (e.g. Kim, 2018).  
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cities might differ in their collection and allocation practices (e.g. housing 

vouchers).10  

Subsequent research has continued to collect data on the micro-level (Schnell, 

Grossman, & Braga, 2019; Weisburd et al., 2017, 2020), finding continued support for 

the importance of socioeconomic and opportunity based predictors of crime. But, other 

promising current approaches have aimed at utilizing publicly available census and 

business register data to create opportunity and structural predictors that are replicable 

and readily available (Groff & Lockwood, 2014; Kim, 2018; Kim, 2018). Most 

neighborhood-level studies use census data to operationalize socioeconomic 

characteristics of places (Logan, 2018), however, the data is not available on the 

micro-level. Accordingly, studies have applied imputation strategies using block-

group data (Groff & Lockwood, 2014), or block-level census data (Kim, 2018).11 

Using data from four cities in California, Kim (2018) compared data collected on the 

street-segment level with data imputed from blocks. He found that the imputation 

strategy, overall, showed comparable results to the data collected on the micro-level 

(Kim, 2018). This strategy has been applied in several subsequent studies finding 

additional support for the importance of structural and opportunity characteristics (e.g. 

Hipp & Kim, 2019; Kim & Hipp, 2019). Using an imputation-based approach to 

 
 
10 The advantage is that data collected on the micro-place level, of course, best reflects 
the social conditions in those micro-places (Braga & Clarke, 2014; Weisburd & Eck, 
2017; Weisburd et al., 2012, 2017). 

11 For researchers aiming at replicating Kim’s (2018) strategy it is important to note 
that several of the block variables Kim refers to are, actually, imputed from the block-
group level using Boewen and Hipp’s (2013) approach. This fact is not discernible 
from the original paper but mentioned in (Hipp & Kim, 2019). 
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operationalize socioeconomic place characteristics has the advantage that it allows for 

comparisons between studies and possible differences between structural predictors of 

crime in specific cities or areas across the US.12 

The method of choice for most studies that evaluate contextual predictors of 

high-crime micro-places is group-based trajectory-modeling (Levin, 2018; Nagin, 

2005, 2014). This approach allows us to identify latent groups of street-segments (or 

other micro-places) that follow similar developmental pathways over time. The 

approach is supposed to account for some of the problems of naïve approaches to 

measuring crime concentration (such as changes of crime counts in micro-places over 

time, see footnote 8) but, moreover, allows establishing relations between trajectory 

groups and predictor variables (Levin, 2018). Group-based trajectory models have 

been extensively used since the early 2000s (Andresen, Curman, & Linning, 2017; 

Curman et al., 2015; Gill et al., 2017; Hibdon, Telep, & Groff, 2017; Levin, 2018; 

Schnell et al., 2019; Weisburd & Amram, 2014; Weisburd et al., 2012, 2009, 2017; 

Weisburd, Bushway, Lum, & Yang, 2004; Wheeler, Worden, & McLean, 2016). The 

most common strategy to establish relations between trajectory-groups and predictors 

of crime hot spots are multinomial logistic regression approaches that compare high-

 
 
12 While this approach allows for comparisons across studies and areas, using census 
variables does not solve another important question: are we content with establishing 
associations between hot spots and structural characteristics such as concentrated 
disadvantage, residential instability, and racial heterogeneity or do we need to measure 
concrete mechanism such as collective efficacy, strain, or differential policing (Braga 
& Clarke, 2014; Bruinsma & Pauwels, 2017). Census data can show associations 
between disadvantage and crime but does not allow for mechanism testing, albeit there 
is considerable debate what the added value would be (Barkan & Rocque, 2018). 
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crime with low-crime trajectory groups (e.g. Schnell et al., 2019; Weisburd et al., 

2012).  

Overall, studies have begun to evaluate the importance of reintegrating 

structural predictors of crime into micro-place research. Studies have overall found 

strong support for opportunity-based predictors of crime and, also, found support for 

socioeconomic criminogenic concepts. The major current debates center on the 

question of how to operationalize structural predictors of crime in micro-places and 

whether to favor approaches that collect data on the micro-level or approaches that use 

publicly available census data. The second approach seems, especially, appropriate for 

studies that aim at comparing crime concentrations and criminogenic concepts across 

cities or geographic areas where micro-level data would have to be collected from 

diverse local agencies and allocations and definitions might differ.  

However, current empirical tests of associations between crime concentrations 

in micro-places and opportunity and structural theories have several major limitations. 

First off, current empirical assessments have left out measures of economic inequality 

and relative deprivation and have focused on measures of concentrated disadvantage. 

This one-sided emphasis is consistent with the focus on social disorganization over 

other socioeconomic concepts of crime and place. Moreover, current approaches have 

left out offender-based characteristics such as whether high-crime areas draw 

offenders from close by areas or from further away. Overall, current evaluations are 

not testing the complex theoretical models of crime and place that have been advanced 

(see chapter 2.2.3). Moreover, as the next section outlines (see chapter 2.3.3) one 

major limitation of these empirical studies is that they evaluate the conceptualizations 

of places and crime only for major urban areas but draw conclusions about places 
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across geographic areas. This is a major drawback for current hot spots policing 

approaches (see chapter 1.1).  

2.3.3 Studying Crime in Micro-Places: Beyond Urban Areas 

The most important limitation of current crime in micro-place research and, 

connected, hot spots policing approaches is the one-sided focus on major urban areas. 

The vast majority of all studies on crime and places have focused on major cities such 

as New York, Chicago, Los Angeles, Philadelphia, Seattle, or St. Louis (Park, 2019; 

Weisburd & Telep, 2014). Smaller cities (cities with less than 100,000 residents), 

suburban, and rural areas have been almost completely neglected (Gill et al., 2017). 

Micro-place research shares this bias with sociology and criminology at large 

(Donnermeyer & DeKeseredy, 2013; Ocejo et al., 2020). For example, while most 

American cities are smaller cities (only about 1.5% of all US cities have more than 

100,000 residents), urban sociology has centered on major metropolitan areas (Ocejo 

et al., 2020). As Ocejo and colleagues (2020) outline, cities with below 50,000 

residents hold about 17% of the total US population and about 20% of the US lives in 

rural areas. Focusing on major metropolitan areas excludes, accordingly, the places 

where many Americans, actually, live. Moreover, most police agencies (over 70%) 

serve populations less than 10,000 people (Gill et al., 2017). 

The ecological forces that shape living experiences in non-traditional urban 

areas might be quite different and might, accordingly, require differing intervening 

mechanisms to combat social problems (Telep & Hibdon, 2017). For instance, crime 

in micro-place researchers argue that micro-places are activity spaces that shape 

behavior pattern and norms and values (see chapter 2.2.1). However, this assumption 

is based on urban areas where we have relatively short and uniformly-sized street 
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segments and it is not clear whether these patterns also hold for the often longer and 

nonlinear street segments that exist in non-urban areas (Gill et al., 2017). Accordingly, 

fundamental questions such as whether the law of crime concentration holds across 

geographic areas or whether the criminogenic concepts developed for urban places 

hold in non-urban areas need empirical evaluation.  

Recent studies that have started to include smaller cities have found overall 

support for the law of crime concentration (Gill et al., 2017; Hipp & Kim, 2017; 

Weisburd, 2015). Weisburd (2015) used a set of smaller (two below 100,000) and 

larger cities (one with 100,000 to 290,000 and five cities with above 290,000 

populations) to demonstrate that the law of crime concentration holds across cities of 

varying sizes. He found concentrations with about the expected bandwidth (50% of 

crimes in 5% of street segments) across cities, with smaller cities showing somewhat 

higher levels of crime concentrations. However, as outlined above (see chapter 2.3.1) 

the used measures of crime concentration did not account for natural crime 

concentrations. In contrast, Hipp and Kim (2017) reported substantial variation in the 

bandwidth of crime concentrations, using 42 cities in Southern California. They found 

that depending on the adjustment of the measures of crime concentration (i.e. temporal 

adjustments), crime concentrations varied between 15-90% of all crimes in the top 5% 

of micro-places (or between 35-100% for unadjusted crime concentrations). These 

conflicting findings pose the question of why small cities might differ in their crime 

concentrations. 

Studies that go beyond smaller cities are even more sparse. Gill, Wooditch, and 

Weisburd (2017) analyzed crime concentrations in Brooklyn Park, which they termed 

a suburban city. Using group-based trajectory models they found that about 2% of 
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street segments were responsible for about 50% of crimes over the study period. In 

line with Weisburd (2015), the authors argued that suburban areas have even higher 

levels of crime concentration than urban areas. While the study is innovative, it also 

highlights one of the major drawbacks of current research on crime and place beyond 

urban areas: definitions of non-urban areas differ. The definition of Brooklyn Park as 

suburban is based on the authors' evaluation of its specific features: the population is 

about 78,000, the population density of about 3,000 residents per square mile, there is 

no true downtown area, few public transit links, and land use is more suburban. While 

the classification as a suburban city is reasonable, it is also a subjective assessment 

and another classification such as a small city might also be appropriate. The problem 

of classifying urban and rural areas is long-standing and the absence of clear 

definitions hinders comparisons across areas (Wagner et al., 2018). A consistent rural-

urban classification that could be used for micro-place studies across the US could be 

extremely useful for assessing the applicability of the law of crime concentrations 

beyond urban areas.13 

Two non-US studies have recently addressed crime concentrations in non-

urban areas. A study by Macbeth and Ariel (2019) found that in Northern Ireland 

(North West District) around 50% of all crimes were concentrated in just 1% of street 

segments. The North West territory is a non-urban area with an average population 

density of 94 residents per square mile (Macbeth & Ariel, 2019). While the study did 

 
 
13 The only study that looks at crime at micro-places at rural areas in the US is Hibdon 
(2013). However, the study has never been published but was presented at a 
conference. The study is refenced by others (e.g. Gill et al., 2017) to support 
arguments that rural areas show even higher levels of crime concentrations.  
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not adjust the concentration measure, the study found additional support that non-

urban areas might have even higher crime concentrations. A recent dissertation project 

by Park (2019) analyzed crime concentrations across areas in the UK. The study is 

novel in so far that it includes all 43 policing jurisdictions in England and Wales and 

studies, therewith, crime across a complete country (Park, 2019). The study is also 

important as it applies one of the adjusted Gini measures, the Generalized Gini 

proposed by Bernasco and Steenbeek (2017).14 Park found that less urbanized areas 

(i.e. longer street segment lengths, and lower population density) had higher levels of 

crime concentration. The study also overall shows that structural measures such as the 

unemployment rate are associated with higher levels of crime concentration (Park, 

2019). However, the study does not address whether relations between place 

characteristics and crime concentrations vary by area types or districts.  

Overall, only a handful of studies have researched crime concentrations 

beyond urban areas (Gill et al., 2017; Hibdon, 2013; Hipp, Kim, & Wo, 2020; 

Macbeth & Ariel, 2019; Park, 2019; Weisburd, 2015). These studies indicate that there 

is variation among small cities and that more rural areas might show even higher 

levels of crime concentration. However, the measures of crime concentrations applied 

in some of the studies might not be appropriate for more rural areas with lower crime 

counts. The most recent proposed measure of crime concentrations by Mohler et al. 

(2019) that identified several shortcomings in previous approaches has yet to be 

applied in studies in non-urban areas. Another central problem of current studies 

beyond urban areas is the varying definitions of places in these studies. Areas called 
 

 
14 As outlined (see chapter ), the measure was subsequently criticized for offering 
unreliable results (Mohler, Brantingham, Carter, et al., 2019). 
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small cities in one study are described as suburban cities in another. Using these 

differing definitions makes comparisons difficult and hinders evaluations of crime 

concentrations beyond urban areas. Moreover, no study in the US has evaluated crime 

concentration in rural areas or types of rural areas. These problems would be 

compounded if studies beyond urban areas would aim at comparing criminogenic 

factors that lead to differing crime concentrations. However, to date, no study has 

evaluated whether the opportunity and structural predictors that are debated for urban 

areas also predict crime in non-urban areas. 

2.4 Aim and Research Questions 

The overall aim of this study is to advance our understanding of crime in 

micro-places and so to, eventually, contribute to hot spots interventions, specifically 

problem-based and community-involved interventions. The literature review above 

has identified a set of gaps in the literature and major research questions that crime in 

micro-place research still needs to address. The major research questions which this 

study follows are: 

1. How is crime concentrated across non-traditional urban areas, such as small 

cities, suburban, and different types of rural areas?  

2. And, how are leading criminological concepts able to explain different types 

of crime across geographic areas. 

Connected to these major questions are several important methodological and 

substantial issues, for example: What are the most appropriate approaches to measure 

crime in micro-places beyond urban areas? What definitions of rural and urban areas 
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should we use? Or, are multi-trajectory models useful for studying crime compositions 

in micro-places? 

As outlined, while early crime and place research already highlighted the 

importance of geographic areas and their specific crime problems and discussed the 

possibility of differing crime generating mechanisms in urban and non-urban areas, 

crime in micro-place research has, to date, focused on urban areas. This shortcoming 

is immensely important since major metropolitan areas make up only a small part of 

the US and only a small part of policing agencies are situated in large cities. Similarly, 

while studies have begun to build models that integrate opportunity and 

socioeconomic predictors of high-crime places, there is still considerable need to 

develop concepts that can be applied to a variety of contexts (also, we still need to 

integrate inequality measures and offender characteristics) and no study, to date, has 

used these integrated models to address crime in micro-places beyond urban areas. 

This study addresses these questions and shortcomings. 
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Chapter 3 

DATA 

This chapter provides an overview of the data sources used in this study. I, first 

(3.1), briefly introduce the study location and highlight why the state of Delaware is 

an interesting case for crime in micro-place research which aims at going beyond 

traditional-urban areas. Next, I introduce the street segment base file used in this crime 

in micro-place analysis (3.2), the area classification used to divide Delaware along the 

rural-urban continuum (3.3), and the main data sources used in this study to construct 

the crime outcome measures and the criminogenic concepts used to analyze crime hot 

spots: DELJIS (3.4), ReferenceUSA (3.5), and the US Census (3.6). 

3.1 Study Location 

This study examines crimes across the whole state of Delaware. Delaware (see 

Figure 6) is located on the US Atlantic Coast neighboring the states of Pennsylvania, 

Maryland, and New Jersey. Delaware consists of three counties. In the North, 

bordering all three states, is New Castle County. New Castle County is the most 

urbanized part of Delaware with the highest population density (see Figure 6). New 

Castle County also includes the city of Wilmington which is part of the Philadelphia-

Camden-Wilmington metro area. Outside of Wilmington are residential areas, 

including the small city of Newark that harbors the main campus of the University of 

Delaware. Below New Castle County is Kent County with the capital of Delaware, 

Dover. Dover is a small city that has several attractions such as a racetrack, a casino, 

as well as the Firefly Festival. Besides the city of Dover and several smaller towns, 

Kent county is mostly agricultural (see Figure 6). The same holds for the most 

southern part of Delaware, Sussex County. Sussex County is most famous for the 
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beach regions around Rehoboth and Lewes with millions of tourists frequenting the 

area over the summer months. Otherwise, Sussex County is mostly agricultural (see 

Figure 6).  

 
Figure 6: Overview Map of the State of Delaware Shaded by Land Use Classification 
(2012). (Land Use Layer obtained from firstmap.gis.delaware.gov; reclassified by the 
author—see Appendix A). 

The current (2019) estimated population of Delaware is 973,764, an increase of 

about 75,000 (8.4% increase) since the 2010 census (897,934). Table 1 shows, that 

Delaware is a majority White state with about 62% non-Hispanic Whites, comparable 
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to the US at large (60.4%). The major racial minorities in Delaware are Black or 

African American with 23%, and Hispanic with about 10%. Asian residents are 

concentrated in New Castle County with 5.8%. Table 1 also confirms the residential 

pattern visible in Figure 6. New Castle County, with a population density of 1,263.2 is 

between four and five times more densely populated than Kent County and Sussex 

County.15  

Table 1: Selected Descriptive Statistics for Delaware by Counties (2010 Census) 
 United 

States 
Delaware New Castle 

County 
Kent 

County 
Sussex 
County 

Population 308.745,538 897,934 538,479 162,310 197,145 
Pop. Density 87.4 460.8 1,263.2 276.9 210.6 
Non-Hispanic White, % 60.4 61.9 56.8 60.9 75.3 
Black, % 13.4 23 26.1 26.8 12.3 
Hispanic, % 18.3 9.5 10.3 7.4 9.3 
Asian, % 5.9 4.1 5.8 1.3 2.4 
Two or More Races, % 2.7 2.7 2.6 3.7 2.1 
American Indian, % 1.5 .8 .6 .8 1.3 

As outlined (see chapter 2.3.3), to date no study in the US has analyzed crime 

data in micro-places across a whole state. The differing levels of urbanization and 

diverse land use pattern in Delaware make it an especially interesting case to compare 

crime concentrations and crime in micro-places. Delaware also offers the opportunity 

to compare two types of small cities and surrounding suburban areas. While 

Wilmington is typical of small cities on the outskirts of major metro areas, Dover is 

more isolated within agricultural and less residential areas surrounding it. These 

features, Delaware’s comparability to the US in regard to population density and 
 

 
15 Delaware at large is more densely populated than the US. However, excluding just 
the five least densely populated states (Alaska 1.3 residents per square mile, Wyoming 
6.0, Montana, 7.0, North Dakota 10.5, and South Dakota 11.1) brings the US on par 
with Delaware.  
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demographics as well as its mixture of different areas types, support the assumptions 

that findings from studies in Delaware are generalizable to other US states.16 

3.2 Street Segment File 

Micro places across the state of 

Delaware are operationalized as street-

segments. Street segments are commonly 

defined as both sides of a street between two 

intersections (Weisburd et al., 2004). Figure 

7 provides a street segment overview of the 

state of Delaware. The file was provided by 

the Delaware Department of Transportation. 

The file was last updated in 2014. 

Accordingly, streets that were established 

after 2014 are missing from this file. If 

specific areas of Delaware would have a 

very uneven population and settlement 

development this could lead to 

overestimations of crime concentrations in 

specific street segments. For example, if a 

new settlement with several new streets was 

 
 
16 Delaware data has been used to develop criminological theories (Rengert, 
Chakravorty, Bole, & Henderson, 2000) and it is as a side for diverse pilot projects 
involving criminal justice agencies (https://www.cdhs.udel.edu/projects). 

Figure 7: Overview Street Segments in 
Delaware. (Street Segment file 
obtained from: 
https://deldot.gov/Publications/reports/
gis/index.shtml.  

https://deldot.gov/Publications/reports/gis/index.shtml
https://deldot.gov/Publications/reports/gis/index.shtml
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established next to an existing street all crimes that would happen in that area would 

have been assigned to the already existing segment in 2014 since the assignment to 

street segments was undertaken using the “near” function in ArcMap. Therefore, 

trends in crime concentrations need to be carefully examined, and increasing crime 

concentrations in specific areas could reflect true trends as well as been impacted by 

missing newly established street segments.17 

Overall, 44,646 street segments were used in this study. As outlined above ( 

see section 2.3.1) there is considerable discussion about what street segments should 

be included in crime in micro-place research. Should very short street segments be 

excluded, should highways be excluded, should street segments without crime events 

be excluded? The underlying question is whether streets with lower likelihoods of 

crime occurrences should be included when we establish crime concentrations. Several 

studies have suggested intricate cleaning approaches to establish more appropriate 

base-files (Levin, 2018). However, approaches that exclude major highways and other 

streets that are considered to have low probabilities to start with have their own 

drawbacks. For example, while highways might have very low probabilities for 

burglaries, rest stops and other areas located directly along major roads are places 

where, at specific times, people might be concentrated, and crimes might very well 

occur. If we exclude these street segments but keep the crime events and if we 

subsequently assign these events to other “near” locations, we might artificially 

 
 
17 Chapter 4.2 shows that there is no clear pattern of increased concentration visible 
and the use of the street segment file is warranted. Moreover, this problem does not 
only apply to this study but applies to most crime in micro-place research (Levin, 
2018). Accordingly, results from this study are comparable to previous crime in 
micro-place research. 
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produce crime concentrations in some areas which of course might have very different 

contextual characteristics from where the crimes occurred. Moreover, in non-urban 

areas, major traffic locations are often located directly next to important locations such 

as tourist attractions. In some cases, these attractions are assigned their own 

“driveways” but in other cases, they are part of the major roadways. In this study, in 

line with other previous studies (Groff & Lockwood, 2014), the decision was made to 

include all street segments of the base file that were longer than .005 miles.18 

3.3 Rural-Urban Classification by the National Center for Education Statistics 

As outlined (see chapter 2.3.3), one of the major problems for studying crime 

in micro-places are varying definitions of what constitutes a city, or even more 

problematic, a suburban, or rural area. Over the years several definitions of urban and 

rural areas have been proposed (Cromartie & Bucholtz, 2008; Pizzoli, 2007). 

However, many definitions allow only distinctions between urban and rural, ignoring 

the immense variation within these major groupings (Atav & Darling, 2012; Koziol et 

al., 2015). One the other hand, national classifications of urban and rural areas are 

crucial to conducting studies that compare crime concentrations across areas and 

regions. It is important to clarify what types of urban areas correspond to current 

assumptions about crime concentrations and whether these hold for other geographic 

areas. To make these specifications of the law of crime concentration meaningful, we 

need reliable, comparable, and intuitive rural-urban classifications.  

 
 
18 We wouldn’t expect any contextual predictors to differ between street segments 
located very closely next to each other (e.g. 5 meters) since contextual street-segment 
characteristics are calculated using exposure measures that weight surrounding areas 
characteristics by distances to street segment mid-points (see chapter 3.5). 
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One of the most widely used classifications, which offers an intuitive but 

detailed classification, is the “Locale” classification by the National Center for 

Education Statistics (NCES). The NCES locale classification consists of four main 

area types (City, Suburban, Town, and Rural), each containing three subtypes. These 

subtypes are differentiated by size and proximity (for urban and suburban areas: large, 

midsize, small; and, for towns and rural areas: fringe, distant, remote). The 

classification refines standard urban and rural definitions established by the U.S. 

Census Bureau. However, in contrast to Census data on for example census tracts, 

each type of Locale is urban or rural in its 

entirety.  

While the potential to use one 

classification across the US is important and 

enticing, the NCES codes are not always a 

perfect representation of rural and urban 

areas. The state of Delaware, for example, 

contains eight of the twelve subtypes of the 

NCES classification (see Figure 8). While 

the overall classification of the state 

immediately corresponds with, for example, 

land use pattern (see Figure 6) there are 

some adjustments to be made to the 

classification to better reflect the concrete 

living contexts in the state of Delaware. For 

once, two areas were classified as small 

Figure 8: Overview of the 2014 NCES 
Rural-Urban Classification for the State 
of Delaware. 
(https://nces.ed.gov/programs/edge/Geo
graphic/LocaleBoundaries) 

https://nces.ed.gov/programs/edge/Geographic/LocaleBoundaries
https://nces.ed.gov/programs/edge/Geographic/LocaleBoundaries
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cities in the NCES classification. However, these two small cities are very different, 

and using them as one combined group would obscure important differences in the 

living contexts in these cities. For once, the city in the northern part of Delaware (the 

red shaded area at the top of Figure 8) is 

Wilmington which, as stated, is part of the 

Philadelphia-Camden-Wilmington metro area. 

The second city is located at the center of 

Delaware, it is capital Dover, and is, in 

contrast, surrounded by predominantly rural 

areas (see Figure 8). The NCES classification 

acknowledges this by assigning the suburban 

areas surrounding these cities the labels 

Suburban-Large around Wilmington and 

Suburban-Midsize around Dover. Instead of 

defining these suburban areas by size, it might 

be reasonable to define them by the cities they 

are connected to. Accordingly, in this study, 

the two small cities are identified by their 

names (Wilmington and Dover) and seen as 

reflecting specific types of cities, small cities connected to metro areas (Wilmington), 

and isolated small cities (Dover). Similarly, the suburban areas are identified by the 

cities they surround but are also seen as reflecting the suburban areas of these two 

specific types of cities (see Figure 9). Figure 9 shows, four additional minor 

adjustments that were made. First, the areas identified as Town-Distant in the NCES 

Figure 9: Overview Area 
Classifications and Street Segments. 
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classification (see Figure 8) identify a specific touristic-rural area in Delaware (see 

Figure 9). These areas are characterized by high levels of vacant housing units for 

vocational purposes and high concentrations of residential areas, comparable to the 

small cities (see Figure 6). To reflect this specific type of rural area, the label Touristic 

was assigned (see Figure 9). Second, the rural areas the NCES classification assigned 

in the North (in New Castle County, see Figure 8) are better defined as recreational 

areas surrounding the city of Wilmington and the Suburban-Wilmington area (see 

Figure 6). The land use pattern in these areas includes recreational spaces (such as 

country clubs and golf parks) as well as the White Clay Creek Park, a popular 

destination for recreational activities for New Castle County residents. Figure 6 also 

shows that the Delaware river functions as a natural barrier that divides more 

residential and urbanized areas in New Castle County from less populated areas and 

agricultural use areas. Accordingly, areas the NCES classified as rural above the 

Delaware River were assigned to the Suburban-Wilmington group (see Figure 9). 

Third, the NCES classification identified an area in the South, Sussex County, as 

Suburban-Small (see Figure 8). At a first glance, this designation appears arbitrary 

since the areas include towns such as Seaford that are not very different from other 

areas nearby such as Georgetown that were identified as Towns by the NCES (e.g. 

both towns have about 7,000 residents). My interpretation of the designation as a 

suburban area is that parts of Sussex County are assigned to the Salisbury metropolitan 

area. Salisbury is a city of about 20,000 in Maryland. The city is, however, over 20 

miles apart from Seaford and requires over half an hour's drive to get there. 

Accordingly, for this study, it is reasonable to assume that the Seaford area is more 

similar to, for example, Georgetown, as to the Suburban-Wilmington or Suburban-
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Dover areas. Accordingly, these areas are assigned the “Towns” label (see Figure 9). 

Finally, the Rural-Distant and Rural-Fringe areas were combined into rural areas in 

general. 

Street segments were assigned to geographic areas using spatial joins in 

ArcMap. Each street segment was assigned the geographic area designation that its 

midpoint fell into. Table 3 shows the distribution of street segments by geographic 

area types. The majority of street segments fall into the Suburban-Wilmington area. It 

could be argued that this geographic area combines areas that could also be classified 

as towns, or some people might think of Newark as a city in its own right. However, 

the proximity to Wilmington and the importance of Wilmington for work and 

entertainment for these areas make the Suburban designation, assigned by the NCES, 

reasonable as well. 

Table 2: Overview of Geographic Areas and Street Segments 
 Count Street Segments Mean Street Segment Length 
Delaware 44,646 .16 
Wilmington 3,960 .06 
Suburban-Wilmington 18,321 .11 
Dover 2,194 .10 
Suburban-Dover 3,338 .14 
Towns 5,564 .13 
Touristic 3,882 .11 
Rural 7,387 .38 

 The shortest street segments were, as expected, found in Wilmington, the most 

urbanized areas studied (see Table 2). Overall, street segment lengths reflect 

differences between more and less urbanized areas, with rural areas having the longest 

street segments on average (Park, 2019). 
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3.4 DELJIS 

Delaware has both local and state police agencies. In total, Delaware has only 36 

local police departments, and eight state police troops (Delaware State Police Annual 

Report, 2018). Most of the police presence is concentrated in the northern part of the 

state, mainly due to higher population density and crime activity. The criminal 

incident and arrest records from all agencies are shared in a central database known as 

the Delaware Criminal Justice Information System (DELJIS). This offers the unique 

opportunity of easy access to crime data across jurisdictions and counties and makes 

the state of Delaware an important case to study crimes across geographic areas.  

This study relies on offense data from DELJIS collected over eight years: 2010-

2017. Table 3 shows that almost two million offenses were recorded in DELJIS over 

the study period. The received file included address information for offense locations. 

Address fields were divided into its components, cleaned, and standardized. Excluding 

cases that did not contain valid address information (i.e. missing street # or 

intersection information), over 1,750,000 cases were geocoded. Geocoding was 

undertaken in ArcMap using a custom geolocator that included the default Esri US 

Street file as well as the Delaware “FirstMap” geolocator 

(http://opendata.firstmap.delaware.gov/). Matching score requirements and spelling 

sensitivities were stepwise reduced until the ArcMap defaults of 80% spelling 

sensitivity and minimum 85% matching score accuracy were reached.  

http://opendata.firstmap.delaware.gov/
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Table 3: Overview Offense Data 2010-2017. 
Year Received No Address 

Information 
Geocoded Average 

Matching 
Score 

Min 
Matching 

Score 

No 
Valid 
NCIC 
Codes 

Final 

2010 234,291 6,717 95.46% 93.67 85.06 1,404 215,838 
2011 231,086 6,769 95.51% 93.36 85 2,514 211,731 
2012 223,870 6,517 95.74% 93.65 85.2 2,317 205,777 
2013 221,790 5,964 95.52% 93.4 85.06 1,422 204,735 
2014 235,561 5,107 96.45% 94.49 85.06 1,013 221,260 
2015 216,121 6,135 96.21% 94.28 85 1,255 200,773 
2016 239,890 5,179 97.08% 95.48 85 1,221 226,636 
2017 209,336 1,166 96.09% 94.35 85.03 486 199,545 
2010-
2017 1,811,945 43,554 96.01% 94.09 85.05 11,632 1,686,295 

As Table 3 shows, the majority of cases were geocoded with very high levels 

of accuracy with an average matching score of 94.35. For all years over 95% of cases 

were geocoded, well above the 85% threshold suggested in the literature (Andresen, 

Malleson, Steenbeek, Townsley, & Vandeviver, 2020; Ratcliffe, 2004a).  

Offenses that did not have a valid National Crime Information Center (NCIC) 

crime code were excluded from the data set. The final sample for the study was 

1,686,295 cases (see Table 3). The measures for the dependent variables in this 

study—violent crimes, property crimes, and drug crimes—were coded following the 

Delaware Statistical Analysis Center that provides annual reports about crime statistics 

in Delaware (Rager & Salt, 2018). Violent offenses include homicides, human 

trafficking, forcible sex offenses, kidnapping, robbery, and assaults. Property offenses 

consist of arson, burglary, motor vehicle theft, extortion or blackmail, and larceny or 

theft. And, drug crimes include both selling and possession offenses (see detailed 

coding procedure in Appendix A). The overview provided in Table 4, shows that, 



 65 

across all years, property crimes were most frequent in Delaware followed by violent 

and drug offenses. 

Table 4: Overview Offenses Delaware 2010-2017. 
Delaware 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 61,681 61,640 60,215 58,274 58,592 56,394 56,223 52,917 
Violent Crimes 21,772 21,559 20,824 18,660 17,720 18,453 17,544 16,856 
Property Offenses 28,664 28,979 29,068 27,494 28,236 25,694 26,959 24,019 
Drug Crimes 11,245 11,102 10,323 12,120 12,636 12,247 11,720 12,042 

 Table 4 also shows that the total offenses reported declined from about 61,500 

to about 53,000 between 2010 and 2017. However, crime did not decline equally 

across crime types. Figure 10 visualizes these trends and highlights that for all crime 

types trends were stagnant between 2010 and 2012. After 2012 property and violent 

offenses declined while drug crimes increased from 2012 to 2013 and remained 

stagnant afterward.  

 
Figure 10: Overview of Crime Trends in Delaware 2010-2017 by Crime Types. 
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 The dependent variables in this study are the crime counts per street segment 

by crime types.19 Additionally, models include independent variables constructed 

from the DELJIS data. For each year (2010-2017), we also received an arrest file that 

includes information about all arrests that occurred that year. These data were cleaned 

and geocoded using the same procedures as for the offense file. Using complaint and 

offender information we matched cases between data sets and calculated travel 

distances between offense and offender home location using Stata’s “geonear” 

command. Since the focus of this study was not on establishing exact travel distances 

but the travel distances are used to establish general pattern of whether street segments 

draw offender from close by or further away located spaces, distances were capped at 

20 miles to account for skewed distributions due to, for example, out of state 

offenders. 

Additionally, to account for the effects of crime occurring in nearby street 

segments, I calculated a crime lag term. I used a 1,200 feet buffer (three blocks) and 

identified all segments within this distance using Stata’s “geonear” command.20 The 

crime counts within the buffer distance were then totaled for each street segment.  

 
 
19 This data is overdispersed and appropriate models are used (see sections 5.1 and 
6.1). 

20 As described below (see chapter 3.5) the buffer size is chosen to represent a larger 
area then the buffer used to calculate other independent variables to represent counts 
of crime surrounding the service area or egohood of each street segment. 
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3.5 ReferenceUSA 

To measure place characteristics proposed by opportunity theories, this study 

utilizes the ReferenceUSA business data 2010-2017. The data includes information 

about types of businesses using the North American Industry Classification System 

(NAICS) and address information. Based on previous research (Jones & Pridemore, 

2018; Y.-A. Kim, 2018), I selected NAICS codes that represent the dimensions of 

Crime Generators, Public Places, and Local Guardianship (see Table 5). 
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Table 5: Overview Opportunity Indicators Delaware 2010. 
Delaware 2010-2017 2010 2017 Geocoded % Mean SD Min Max 

Crime Generators 
Crime Generators Index1 7,901 5,189 6,995 98.9 6.74 19.21 0.00 425.83 
Drinking Places 373 267 345 99.2 0.40 1.42 0.00 23.37 
Restaurants 2,630 1,700 2,411 99.3 2.63 8.53 0.00 208.96 
Other Amenities 105 74 98 99.1 0.05 0.44 0.00 10.19 
Hotels & Motels 237 185 223 99.6 0.23 1.47 0.00 30.07 
Retail & Stores 4,352 2,848 3,735 98.5 3.22 9.73 0.00 202.90 
Gas Stations 204 115 183 98.0 0.20 0.94 0.00 21.52 
Public Places 
Public Places Index2 1,212 832 1,153 97.2 1.13 3.36 0.00 50.56 
Schools 765 429 725 95.8 0.60 2.02 0.00 43.66 
Libraries 59 47 56 100 0.09 0.62 0.00 20.12 
Hospitals 65 33 49 96.9 0.05 0.56 0.00 19.34 
Recreational Spaces3 323 323 323 100 0.38 2.15 0.00 50.56 
Local Guardianship 
Local Guardianship Index4 1,539 1,153 1,440 99.3 1.69 3.69 0.00 48.39 
Police Stations 63 54 61 100 0.09 0.65 0.00 17.14 
Fire Stations 85 73 85 100 0.11 0.62 0.00 15.00 
Religious Organizations 1,181 899 1,096 99.4 1.28 3.02 0.00 37.37 
Civil Organizations 210 127 198 98.1 0.21 1.15 0.00 37.83 

1 Drinking Places=NAICS: 445310, 312120, 722410, 312130; Restaurants=NAICS: 722514, 722511, 722513, 722515; Other Amenities=NAICS: 713950, 713910, 
512131, 713990, 713110, 713120, 713210; 4 Hotels & Motels= NAICS: 721191, 721110; 5 Retail & Stores=NAICS: 532289, 452319, 446199, 442299, 453998, 
811122, 441310, 812111, 812112, 451211, 448130, 448150, 446120, 452210, 443142, 448140, 442210, 446191, 442110, 453220, 444130, 451120, 443141, 448310, 
448110, 451140, 444220, 453210, 448190, 444120, 453910, 446110, 311811, 451130, 448210, 451110, 611620, 445110, 453991, 453310, 532282, 452311, 442291, 
448120, 445120; Gas Stations=NAICS: 447190. 
2 Schools=NAICS: 611410, 611310, 611511, 611110, 611610, 611210, 611,519; Libraries: 519120; Hospitals=NAICS: 622110. 
3 Recreational Spaces are based om 2012 Delaware Land Use Data (see Appendix A). 
4 Police Stations=NAICS: 922120; Fire Stations=NAICS: 922160; Religious Organizations=NAICS: 813110; Civil Organizations=NAICS: 813410. 
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 Codes were created that indicated whether an establishment was active in a 

specific year. Establishments that were active between 2010 and 2017 were geocoded 

using ArcMap and a custom geolocator. Data on over 10,000 establishments were 

collected (see Table 5). Restaurants, retail, religious organizations, and schools make 

up the largest groups of establishments (See Table 5). The data provided by 

ReferenceUSA comes clean and standardized and, on average, about 98% of cases 

were successfully geocoded (See Table 5). As suggested by Groff (2013), I calculated 

the exposure of each street segment to the respective establishments: 

Counti= Sum(1/Sqr(dij )). 

Each establishment (j) within 800 feet—about two blocks (Groff, 2013)—of the 

midpoint of a street segment (i) was determined to exercise impact. Using the Stata 

“geonear” command, the distance between each street segments and each 

establishment within 800 feet was calculated.21 Subsequently, inverse distance 

weighting was used to account for decreasing influence with increasing distance from 

street segments. A facility directly at the midpoint of a street segment would count as 

a ‘1’ and decrease towards 0 with increasing distance between establishments and 

street segment midpoints. Segments outside the 800 feet buffer receive a ‘0’. Finally, 

 
 
21 Since parks and other recreational public spaces are not classified using NAICS 
codes, I used land use data. Each street segment was joined to a land use category (see 
chapter 3.1) and, subsequently, distances between each street segment midpoint within 
800 feet of another street segment midpoint that was determined as a recreational 
space was included.  
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these distances were summed up for each establishment type. And, measures on the 

same opportunity dimension were summed into indices (Jones & Pridemore, 2018).  

3.6 Census 

Since socioeconomic information is rarely collected on the street segment level 

and nationally available data, moreover, allows for easier comparisons across areas of 

the US, I use data from the US Census 2010. The drawback of using census data is 

that the data describe areas that consist of many street segments. The used variables in 

this study include poverty, public assistance, female-headed households, population 

under 18, residential mobility, vacant units, Black population, and total population. 

Since several of the central socioeconomic indicators are only available on the block-

group level, I use an approach based on Groff and Lockwood (2014) to estimate street-

segment socioeconomic characteristics. I calculate a buffer of 800 feet around each 

street segment midpoint and calculate what percentage of this area is covered by a 

specific block-group. If the buffer area is completely covered by one block-group, the 

street segment is assigned all the characteristics of that block-group. If several block-

groups cover the buffer area, they are weighted by the percentage of the buffer area 

they cover. Socioeconomic street segment characteristics, as well as opportunity 

factors, take, therefore, the surrounding area (within 800 feet or two blocks) into 

account.  

Based on an approach established by the Life Course Indicator Project (The 

Life Course Metrics Project (LCMP), 2013), the measures for poverty, public 

assistance, female-headed households, under population under 18 were z-score 

transformed and averaged into an index of concentrated disadvantage (see table 6). 

Using the same procedure, a residential instability index was created based on the 
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percentage of the population that lived in a different house during the previous year 

and the percentage vacant housing units.  

Table 6: Overview of Socioeconomic Street Segment Characteristics. 
Delaware Mean SD Min Max 

Socioeconomic 
Concentrated Disadvantage -.03 .78 -1.65 4.86 

% Poverty 12.11 10.18 0 81.28 
% Public Assistance 2.38 2.71 0 21.43 
% Female Headed Households 13.50 9.12 0 85.71 
% Under 18 20.82 7.42 0 64.37 

 
Residential Instability -.06 .85 -1.38 3.87 

% Mobility 12.46 7.89 0 60.09 
% Vacant Units 13.66 16.98 0 97.58 

 
Economic Inequality .39 .06 .18 .61 
% Black 19.79 20.63 0 100 
Total Population 1870.92 1033.03 29 7341 

Additionally, I used data from the American Community Survey (2009-2013) 

on economic inequality (Gini measure). As well as an indicator of the percentage of 

Black residents in the service area of a street segment and the total population as 

additional control variables (see Table 6). 
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Chapter 4 

BEYOND URBAN AREAS: CRIME CONCENTRATIONS 

In this chapter, I assess the research question of how crime is concentrated 

across geographic areas. As outlined (see chapter 2.3.3), only a handful of studies have 

researched crime concentrations beyond urban areas (Gill et al., 2017; Hibdon, 2013; 

Hipp et al., 2020; Macbeth & Ariel, 2019; Park, 2019; Weisburd, 2015). These studies 

indicate that suburban areas or small cities have even higher degrees of crime 

concentration compared to traditional-urban areas. However, to date, this largely 

remains an open empirical question and no study has addressed crime concentrations 

in micro-places across, for example, different types of rural areas in the US. On the 

other hand, police departments across all kinds of geographic areas use some kind of 

hot spot policing (Koper, 2014; Telep & Hibdon, 2017). Assessing crime 

concentrations in micro-places seems, therefore, especially pressing. In short, this 

chapter addresses a central gap in current crime in micro-place research that might 

have important implications for policing practices (Weisburd et al., 2016; Weisburd & 

Telep, 2014). 

4.1 Analytical Strategy 

Typically, studies on crime concentration in micro-places focus on what 

percentage of street segments cover 50% or 90% of all crimes (Weisburd, 2015). This 

simply means we calculate what the minimum amount of street segments is that is 

needed to account for 50% or 90% of all offenses. Weisburd (2015) suggests that 

roughly 50% of all crimes are concentrated in just 5% of street segments. There are no 

absolute cutoffs at what level of concentration a crime concentration is considered 
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high or low. In this study, assessments of high or low crime concentrations are made 

in regard to previously found thresholds (i.e. 50% of crime sin 5% of street segments) 

or assessments are made in comparison to other geographic area types. While the % of 

crimes in % of street segments approach is useful since it has been applied in a 

multitude of previous studies and allows for comparison with these studies, this 

measure can produce biased estimates of crime concentrations if micro-place counts 

exceed crime counts (see chapter 2.3.1)—as is commonly the case when we break up 

crimes by crime types or geographic areas (Bernasco & Steenbeek, 2017; Mohler, 

Brantingham, Carter, et al., 2019).  

To allow for reliable comparisons of crime concentrations across geographic 

areas, this study applies three additional measures of crime concentrations based on 

the Gini approach (Mohler et al., 2019). The Gini approach goes back to Corrado Gini 

(1912) and his work on income inequality. The Gini coefficient ranges between 0 and 

1, with 0 representing perfect equality and values closer to 1 representing higher levels 

of concentration (a value of 1 would mean that all crimes occur in one place). The 

value of the Gini coefficient is geometrically defined by the ratio between the line of 

perfect equality and the Lorenz Curve, and the areas above the line of perfect equality 

(see Figure 11).  
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Figure 11: Lorenz Curve and Line of Perfect Equality. 

The Lorenz curve is plotted, in our case, by the cumulative percentages of 

crimes against the percentage of places, ordered by the number of crimes (see Figure 

11). The Gini coefficient is calculated as: 

Gini = (1
𝑛𝑛

)(2∑ (𝑖𝑖𝑖𝑖𝑖𝑖) − 𝑛𝑛 − 1)𝑛𝑛
𝑖𝑖=1  

where n stands for the number of places, yi is the proportion of events taking place in 

location i, and i the rank order of the place when places are ordered by the number of 

events y (Bernasco & Steenbeek, 2017). 

Figure 11 also already shows the problem that occurs if we have more places 

than events. In that case, perfect equality is not logically viable since cases would need 

to be divided which is not possible in cases of discrete counts, such as crime events. 

Accordingly, several adjustments to the Gini coefficient have been proposed. 

Bernasco and Steenbeck (2017) proposed an adjustment to the line of perfect equality. 
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Their Generalized Gini approach adjusts the slope to account for less than one crime 

event per place. Instead of a slope of ‘1’, they propose a slope of: 

 𝑛𝑛
𝑐𝑐
  

where n is the number of places and c the total number of events—the line of 

maximum equality (Bernasco & Steenbeek, 2017). Using this line of maximum 

equality, the formula to calculate the Generalized Gini, Bernasco and Steenbeck 

(2017) propose, is: 

Generalized Gini = max (1
𝑐𝑐

, 1
𝑛𝑛

)(2∑ (𝑖𝑖𝑖𝑖𝑖𝑖) − 𝑛𝑛 − 1) − max (𝑛𝑛
𝑐𝑐

, 1) + 1𝑛𝑛
𝑖𝑖=1 . 

This approach should adjust the Gini Coefficient downward in cases of rare 

events and provide the same solution as the Gini if there are more events than cases. 

Bernasco’s and Steenbeck’s (2017) approach, accordingly, leaves the estimation of the 

Lorenz Curve unchanged. However, Mohler, Brantingham, Carter, and Short (2019) 

argue that the generalized Gini is too conservative for very rare events and can, 

actually, also overestimate the Gini coefficient if events are plenty. They propose 

adjustments to the Gini and to the Lorenz curve based on assuming a Poisson Gamma 

representation of the negative binomial used to model the crime counts (Mohler, 
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Brantingham, Carter, et al., 2019).22 Steps for the calculation of the Poisson Gamma 

adjusted Gini coefficient were undertaken in R, following Mohler et al. (2019).23 

In this chapter, I analyze crime in micro-places across geographic areas. For 

each geographic area, I first provide a descriptive overview of crime trends and in a 

second step discuss the different measures of crime concentration by crime types and 

over time. The next section of this chapter compares crime concentrations across 

geographic areas and assesses the research question of whether the law of crime 

concentration holds for non-traditional urban areas. Finally, I discuss the findings and 

highlight the unique contributions this chapter makes to studying crime concentrations 

beyond urban areas. 

4.2 Results 

4.2.1 Wilmington – Small City in a Metro Area 

Overall crime in Wilmington has significantly declined from 2010 to 2017, 

from about 8,000 to roughly 5,750 crimes (see Table 7). Violent crime is the most 

 
 
22 The calculation formula is the same as for the standard Gini only with Poisson-
Gamma adjusted crime counts. 

23 While the calculation of confidence intervals for the Gini coefficient is possible, 
convenient approaches assume independence between the error terms in the ordered 
data which is commonly violated (Modarres & Gastwirth, 2006). Instead, researchers 
have relied on arbitrary cutoffs to describe significant differences between Gini 
coefficients such as claims that difference of .1 or .2 describes a narrow bandwidth 
(Park, 2019). In this study, I use the measures in comparative, descriptive fashion and 
statements about differences do not reflect assumptions about statistical significance 
of the differences. 
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frequent crime category in Wilmington across all years. This pattern is different from 

Delaware at large where property crimes are the most frequent category (see chapter 

3.4, especially Table 4).  

Table 7: Overview of Crimes in Wilmington 2010-2017 by Crime Types. 
Wilmington 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 7,948 7,705 7,305 6,237 6,202 6,238 5,923 5,732 
Violent Crimes 3,747 3,416 3,351 2,931 2,826 3,215 3,002 2,627 
Property Offenses 2,010 1,920 2,092 1,708 1,815 1,716 1,711 1,921 
Drug Crimes 2,191 2,369 1,862 1,598 1,561 1,307 1,210 1,184 

While drug and property crimes were almost at the same level in 2010, by 

2017 drug crimes account for only slightly more than half of property crimes. Violent 

crimes declined from 2010 to 2014 before increasing again and returning to their 2014 

levels in 2017. Drug crimes increased from 2010 to 2011 but saw a consistent decline, 

almost halving the initial crime count, in subsequent years. Property crimes have 

overall been the most stable crime type in Wilmington (see Table 7). Property crimes 

decreased modestly between 2012 and 2016 but increased again in 2017. Property 

crimes were the only crime type that increased from 2016 to 2017.  

Table 8 provides an overview of the different measures of crime concentration 

in Wilmington. The naïve crime concentration measures (i.e. % of crimes in % of 

micro-places) show that taking all crimes from 2010 to 2017 into account, 50% of all 

crimes were concentrated in less than 10% of all street segments. And, about 37% of 

all street segments accounted for 90% of all crimes. Drug crimes appear the most 

spatially concentrated, with 50% of all crimes occurring in roughly 6% of all street 
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segments. 50% of property crimes were concentrated in 7.8% of all street segments, 

and 50% of violent crimes in about 9% of street segments.  

Table 8: Overview of Different Crime Concentration Measures for Wilmington 2010-
2017 by Crime Types. 

Wilmington 50% of 
Crimes 

90% of 
Crimes 

Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
All Crimes 9.38% 36.69% .711 .976 .700 
Violent 9.31% 34.06% .725 .957 .719 
Property 7.79% 32.85% .753 .905 .709 
Drug 5.71% 25.06% .811 .944 .789 

2010      
All Crimes 7.18% 27.45% .789 .886 .762 
Violent 6.97% 23.11% .810 .799 .753 
Property 3.71% 13.58% .894 .699 .834 
Drug 2.95% 11.40% .915 .846 .892 

2011      
All Crimes 7.16% 26.38% .790 .883 .754 
Violent 6.36% 22.59% .820 .791 .764 
Property 3.95% 13.91% .892 .680 .821 
Drug 3.72% 12.08% .898 .830 .880 

2012      
All Crimes 7.61% 27.51% .779 .867 .733 
Violent 6.88% 23.53% .810 .776 .731 
Property 4.16% 14.09% .887 .670 .817 
Drug 3.42% 12.14% .903 .793 .869 

2013      
All Crimes 7.26% 26.14% .789 .855 .745 
Violent 6.88% 19.54% .822 .760 .758 
Property 3.98% 13.73% .891 .655 .809 
Drug 3.37% 11.97% .905 .765 .870 

2014      
All Crimes 7.03% 25.51% .794 .856 .746 
Violent 5.91% 21.15% .832 .765 .772 
Property 3.98% 13.86% .891 .667 .818 
Drug 3.23% 11.56% .909 .769 .873 

2015      
All Crimes 6.90% 25.41% .796 .858 .753 
Violent 6.15% 22.21% .825 .784 .771 
Property 3.57% 12.63% .902 .667 .825 
Drug 2.95%  9.68% .920 .759 .889 

2016      
All Crimes 6.84% 25.00% .799 .852 .752 
Violent 6.24% 22.37% .823 .767 .759 
Property 3.35% 12.76% .902 .673 .831 
Drug 2.75%  8.74% .927 .760 .905 
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2017      
All Crimes 6.46% 23.79% .808 .850 .761 
Violent 6.06% 21.17% .832 .747 .767 
Property 2.94% 12.51% .907 .707 .845 
Drug 2.52%  9.03% .929 .762 .899 

These levels of overall crime concentration appear on the lower end of the 

expected bandwidth (see chapter 2.3.1). Accordingly, crime in Wilmington appears to 

be less concentrated compared to many other small cities across the US. As expected, 

examining naïve measures of crime concentration by years, instead of all years 

combined, provide considerably higher estimates of concentrations (see Table 8). For 

example, in 2017 50% of all drug crimes were concentrated in just 2.5% of street 

segments, and 50% of property crimes in just 3% of segments. These differences 

between year-to-year crime concentration measures and the overall crime 

concentration measure might indicate that there is considerable year-to-year variation 

in which street segments have crimes.  

 The three measures of crime concentration based on the Gini show the overall 

pattern predicted by Mohler et al. (2019). Compared to the Gini, the Generalized Gini 

shows higher levels of crime concentration if events are plenty and outnumber places, 

such as for all years or all crimes by year (see Table 8). For categories with lower 

crime counts the Generalized Gini estimates the lowest concentration levels of the 

three types and the Gini the highest. The Gini based on the Poisson Gamma 

adjustment shows overall a pattern more similar to the standard Gini but offers at all 

points slightly lower, more conservative estimates of crime concentrations. As 

expected, differences between the Gini and the Poisson Gamma adjusted Gini are less 
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pronounced when there are plenty of crimes (see Table 8). The overall concentration 

pattern by crime types found by the naïve approaches is supported by the Gini 

estimates. 

4.2.2 Suburban-Wilmington – Suburban Area of a Small City in a Metro Area 

Overall crime in Suburban-Wilmington has significantly declined from 2010 to 2017, 

from about 23,000 to roughly 19,000 crimes (see Table 9). Consistent with Delaware 

at large (see chapter 3.4), and in contrast to the city of Wilmington (see section 4.2.1), 

property crime is the most frequent crime category across years.  

Table 9: Overview of Crimes in Suburban Wilmington 2010-2017 by Crime Types. 
Suburban- 

Wilmington 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 23,101 22,259 22,091 20,813 21,442 19,883 20,148 18,934 
Violent Crimes 8,532 8,114 8,001 6,876 6,199 6,235 5,826 5,780 
Property Offenses 10,842 10,665 10,872 9,473 10,429 9,340 10,458 9,409 
Drug Crimes 3,727 3,480 3,218 4,464 4,814 4,308 3,864 3,745 

Violent crime is the second most frequent crime type in Suburban-Wilmington 

and drug crimes are the least frequent for all years. While violent and property crimes 

were almost at the same level in 2010, by 2017 violent crimes account only for 

slightly more than half of property crimes. Violent crimes saw a steep decrease 

between 2010 (8,532) and 2014 (6,199) and have remained stable since. In 

comparison, property crimes declined only moderately from 10,842 to 9,409. In 

contrast to the city of Wilmington, drug crimes in Suburban-Wilmington have not 

declined but are in 2017 at the same level as in 2010, at about 3,700 crimes per year.  

Crime, overall, appears to be highly spatially concentrated in Suburban-

Wilmington, with 50% of crimes between 2010 and 2017 occurring in just 3.23% of 
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all street segments and 90% of crimes happening in just about 26% of all street 

segments (see Table 10). As in the city of Wilmington, both property and drug crimes 

show higher levels of concentration than violent crimes. However, property crimes 

show similar levels of concentration as drug crimes. 50% of property crimes occurred 

in about 1.5% of all street segments, compared to 1.7% for drug crimes, and 90% of 

property crimes occurring in 12.5% of street-segments, compared to 11.5% for drug 

crimes (see Table 10). 

Table 10: Overview of Different Crime Concentration Measures for Suburban 
Wilmington 2010-2017 by Crime Types. 

Suburban-
Wilmington 

50% of 
Crimes 

90% of 
Crimes 

Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
All Crimes 3.23% 25.66% .830 .976 .773 
Violent 3.83% 32.68% .833 .945 .789 
Property 1.51%  12.64% .877 .949 .822 
Drug 1.71% 11.72% .921 .954 .905 

2010      
All Crimes 2.76% 14.72% .894 .891 .857 
Violent 2.97% 12.96% .905 .796 .860 
Property 1.24%  7.74% .948 .831 .918 
Drug 1.00%  3.81% .970 .852 .964 

2011      
All Crimes 2.80% 14.84% .893 .887 .856 
Violent 2.91% 12.56% .907 .791 .864 
Property 1.27%  8.02% .947 .830 .919 
Drug 1.05%  3.86% .969 .837 .960 

2012      
All Crimes 2.68% 14.55% .895 .889 .855 
Violent 2.86% 12.44% .909 .791 .865 
Property 1.15%  7.68% .949 .845 .923 
Drug  .97%  3.74% .970 .831 .963 

2013      
All Crimes 2.47% 18.70% .902 .893 .869 
Violent 2.63% 11.19% .917 .779 .877 
Property  .97%  7.43% .952 .841 .924 
Drug 1.16%  4.71% .963 .850 .954 

2014      
All Crimes 2.46% 13.40% .904 .895 .873 
Violent 2.76% 10.87% .918 .757 .873 
Property  .84%  6.91% .956 .858 .930 
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Drug 1.21%  4.88% .962 .857 .954 
2015      

All Crimes 2.28% 12.54% .910 .896 .879 
Violent 2.62% 10.60% .920 .766 .880 
Property  .59%  6.06% .963 .870 .936 
Drug 1.09%  4.41% .966 .854 .958 

2016      
All Crimes 2.24% 12.81% .909 .891 .879 
Violent 2.56% 10.28% .922 .756 .881 
Property  .77%  6.67% .958 .864 .934 
Drug  .96%  4.28% .968 .848 .959 

2017      
All Crimes 2.33% 12.87% .908 .883 .873 
Violent 2.61% 10.50% .921 .750 .875 
Property  .87%  6.38% .959 .842 .935 
Drug  .83%  4.12% .971 .856 .959 

However, while the 50% measure shows property and drug crimes as similarly 

concentrated, the Gini measures show that drug crimes are even more spatially 

concentrated (see Table 10). For example, the Poisson Gamma adjusted Gini shows 

concentrations of .822 for property and .905 for Drug crimes. In fact, property crimes 

are more similar in their spatial concentration to violent crimes (Poisson Gamma 

adjusted Gini at 7.89) than they are to drug crimes. Accordingly, depending on 

whether we rely on the naïve measures or the Gini approach we would derive quite 

different conclusions about crime-type specific concentrations.  

4.2.3  Dover – Isolated Small City 

Overall crime in Dover has slightly declined from 2010 to 2017, from about 

4,900 to roughly 4,250 crimes (see Table 11). In contrast to Wilmington, the other 

small city in this study, property crimes are the most frequent crime category, 

followed by violent, and drug crimes. While there were over 500 more violent crimes 

than drug crimes in 2010, by 2017 there are only 85 more violent crimes. 
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Table 11: Overview of Crimes in Dover 2010-2017 by Crime Types. 
Dover 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 4,887 4,734 4,534 4,860 4,252 4,623 4,713 4,265 
Violent Crimes 1,206 1,292 1,231 1,176 1,145 1,306 1,312 1,200 
Property Offenses 2,902 2,763 2,663 2,702 2,335 2,413 2,325 1,950 
Drug Crimes 779 679 640 982 772 904 1,076 1,115 

While violent crimes have remained stable at around 1,200 crime per year, 

drug crimes have rapidly increased, especially over the three most recent years. This 

drug crime trend stands in contrast to the trend in Wilmington which saw a rapid 

decline. In 2017, the small cities of Dover and Wilmington show about equal counts 

for drug crimes, due to their diverging drug crime trends over the study period. In 

Dover, property crimes have seen a steep decline from about 2,900 crimes in 2010 to 

1,950 in 2017—reducing the gap between property and other crimes in Dover.  

The crime concentration pattern in Dover aligns closer to the pattern seen in 

Suburban-Wilmington than to pattern in the city of Wilmington. Table 12 shows that 

over the study period 50% of all crimes were concentrated in just 2.5% of all street 

segments.  

Table 12: Overview of Different Crime Concentration Measures for Dover 2010-2017 
by Crime Types. 

Dover 50% of 
Crimes 

90% of Crimes Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
All Crimes 2.51% 20.35% .864 .989 .810 
Violent 3.65% 20.76% .852 .967 .835 
Property  .66% 15.79% .908 .980 .850 
Drug 2.06% 12.43% .913 .973 .901 

2010      
All Crimes 2.32% 13.99% .904 .935 .879 
Violent 2.86% 12.14% .909 .834 .881 
Property  .62%  8.23% .950 .914 .913 
Drug 1.68%  5.81% .953 .868 .957 

2011      
All Crimes 2.01% 13.85% .906 .940 .873 
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Violent 2.55% 11.84% .913 .853 .887 
Property  .54%  9.16% .947 .919 .906 
Drug 1.52%  6.61% .956 .859 .950 

2012      
All Crimes 1.84% 14.59% .906 .937 .873 
Violent 2.65% 12.67% .909 .837 .882 
Property  .38%  8.72% .951 .922 .909 
Drug 1.37%  5.22% .959 .860 .960 

2013      
All Crimes 1.91% 13.99% .908 .942 .872 
Violent 2.65% 12.92% .908 .829 .863 
Property  .38%  7.68% .957 .930 .929 
Drug 1.54%  6.54% .951 .891 .957 

2014      
All Crimes 2.06% 13.11% .911 .937 .879 
Violent 2.61% 12.10% .912 .831 .876 
Property  .56%  7.28% .956 .921 .927 
Drug 1.39%  5.94% .955 .873 .945 

2015      
All Crimes 2.28% 14.35% .903 .938 .871 
Violent 2.66% 12.32% .910 .848 .874 
Property  .56%  8.65% .950 .913 .920 
Drug 1.48%  6.60% .952 .883 .943 

2016      
All Crimes 2.40% 14.69% .899 .937 .873 
Violent 3.23% 12.58% .897 .827 .858 
Property  .62%  7.94% .953 .910 .918 
Drug 1.43%  6.85% .951 .899 .939 

2017      
All Crimes 1.95% 12.84% .912 .942 .889 
Violent 2.72% 12.81% .907 .831 .881 
Property  .54%  6.61% .960 .913 .942 
Drug  .90%  5.39% .962 .925 .955 

Property crimes show an especially high concentration, with 50% of all crimes 

occurring in about half a % of places. As it was also the case for Suburban-

Wilmington, using the 90% of crimes measure, drug crimes show a higher 

concentration than property crimes, with 90% of crimes in 12.43% and 15.79% of 

places, respectively. 

Based on the Gini and Poisson Gamma adjusted Gini coefficient, drug crimes show 

overall the highest levels of crime concentration (see Table 12). Moreover, while drug 
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and violent crimes are at about the same levels of crime concentration in 2017 that 

they were at in 2010, property crimes have become increasingly more concentrated 

and are almost on par with drug crimes in 2017. 

4.2.4 Suburban-Dover - Suburban Area of an Isolated Small City 

 Overall, crime in Suburban-Dover declined slightly from 2010 to 2017. In 

2010 there were about 4,700 crimes in total (see Table 13). By 2017 the crime count 

had decreased to roughly 4,400. As in Dover and Suburban-Wilmington, property 

crimes were the most frequent at all time points, followed by violent and drug crimes. 

Table 13: Overview of Crimes in Suburban Dover 2010-2017 by Crime Types. 
Suburban-Dover 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 4,677 4,880 4,916 4,678 4,918 4,534 4,571 4,420 
Violent Crimes 1,638 1,857 1,639 1,546 1,538 1,536 1,567 1,454 
Property Offenses 2,091 1,985 2,288 1,995 2,155 1,827 2,017 1,762 
Drug Crimes 948 1,038 989 1,137 1,225 1,171 987 1,204 

 Like Dover, the Suburban-Dover area saw a decrease in property offenses. 

Violent crimes also declined, with the second-largest year to year decrease from 2016 

to 2017. Drug crimes saw, as in the city of Dover, an increase with a spike in 2017, 

from 987 drug crimes in 2016 to 1,204 drug crimes in 2017. This drug crime pattern 

found in the small city of Dover and its suburbs stands in contrast to the drug crime 

trends in Wilmington and Suburban-Wilmington, where drug crimes were declining or 

remaining stable from 2010 to 2017. 

 Overall, the naïve measures of crime concentration are within the expected 

bandwidth (Weisburd, 2015). Table 14 shows that about 4.3% of places contained 

50% of crimes over the study period and 90% of crimes were concentrated in less than 

30% of places. In contrast to the city of Dover, Suburban Dover has its highest 
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concentration, based on the 50% of crimes measure, in the drug crime and not the 

property crime category. Table 12 shows that this pattern is also supported by the Gini 

measures of crime concentration.  

Table 14: Overview of Different Crime Concentration Measures for Suburban Dover 
2010-2017 by Crime Types. 

Suburban-
Dover 

50% of 
Crimes 

90% of Crimes Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
All Crimes 4.36% 28.77% .802 .978 .744 
Violent 5.19% 28.05% .799 .947 .753 
Property 3.02% 24.60% .842 .939 .785 
Drug 2.27% 13.26% .907 .964 .885 

2010      
All Crimes 3.22% 15.58% .886 .892 .847 
Violent 3.13% 13.58% .900 .796 .853 
Property 2.02% 10.18% .936 .777 .905 
Drug 1.21%  4.39% .965 .878 .964 

2011      
All Crimes 3.20% 17.13% .876 .897 .837 
Violent 3.49% 15.35% .888 .798 .840 
Property 2.35% 10.58% .923 .770 .879 
Drug  .96%  4.45% .967 .894 .964 

2012      
All Crimes 3.34% 17.09% .876 .893 .838 
Violent 3.70% 14.71% .889 .774 .830 
Property 1.52%  9.13% .939 .831 .904 
Drug 1.27%  5.32% .959 .863 .954 

2013      
All Crimes 3.57% 17.00% .874 .888 .830 
Violent 3.87% 14.72% .887 .757 .824 
Property 1.60%  8.91% .940 .812 .907 
Drug 1.36% 5.82% .956 .872 .950 

2014      
All Crimes 3.12$ 16.94% .879 .900 .832 
Violent 3.64% 14.99% .888 .756 .829 
Property 1.16%  8.77% .944 .849 .907 
Drug 1.40%  6.07% .955 .877 .946 

2015      
All Crimes 3.42% 17.10% .875 .888 .837 
Violent 3.58% 14.78% .890 .760 .835 
Property 1.63%  9.02% .938 .800 .897 
Drug 1.28%  5.60% .958 .881 .948 

2016      
All Crimes 3.84% 17.51% .868 .878 .829 
Violent 4.02% 14.72% .885 .756 .832 



 

 87 

Property 2.12% 10.06% .929 .776 .889 
Drug 1.32%  5.37% .958 .859 .954 

2017      
All Crimes 3.24% 16.02% .882 .891 .847 
Violent 3.64% 14.19% .892 .753 .844 
Property 1.73%  8.86% .938 .784 .902 
Drug 1.11%  5.30% .961 .892 .949 

 Drug crimes, with a Poisson Gamma adjusted Gini of 8.85, show the highest 

concentration followed by property crimes with .785 and violent crimes at a Gini of 

.753. The concentration of drug and violent crimes decrease slightly over the study 

period. Generally, crime concentrations in Suburban-Dover were very stable over the 

study period. 

4.2.5 Towns 

 Overall, crimes in Towns have slightly increased from 2010 to 2017, from 

about 8,150 to roughly 8,550 crimes (see Table 15). Towns have a different overall 

crime trajectory compared to Delaware at large, as well as compared to the two small 

city areas and their suburbs. Consistent with Delaware at large (3.4) and in contrast to 

the City of Wilmington, property crime is the most frequent crime category across 

years. However, Towns are the first geographic area in which property crimes 

increased, from about 3,700 in 2010 to roughly 4,000 in 2017 (see Table 15). Figure 

20 shows that drug crimes in Towns saw an even steeper increase over the study 

period. The increases in drug crimes occurred, however, mainly between 2011 and 

2014 and have remained constant since.  

Table 15: Overview of Crimes in Towns 2010-2017 by Crime Types. 
Towns 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 8,139 8,356 8,971 8,681 8,984 8,264 8,205 8,538 
Violent Crimes 2,730 2,816 2,649 2,497 2,472 2,669 2,472 2,492 
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Property Offenses 3,685 3,974 4,619 4,329 4,447 3,536 3,621 3,989 
Drug Crimes 1,724 1,566 1,703 1,855 2,065 2,059 2,112 2,057 

While property crimes have overall increased, property crimes spiked in 2012 

and remained on their highest levels until 2014, after which they returned to 2010 

levels before another increase occurred in 2017.  

 Crime concentrations in Towns are consistent with the prior geographic areas, 

except for the city of Wilmington (see Table 16). Around 3.8% of micro-places 

contain 50% of crimes and 90% of crimes are concentrated in about 25.5% of street 

segments. Like in the city of Dover, the highest crime concentration seems to occur 

for property crimes, with 1.8% of street segments containing 50% of all crimes (see 

Table 16). However, as it was the case with Dover, drug crimes have a higher 

concentration for 90% of crimes and the Gini measures support the conclusion that 

drug crimes have overall the highest spatial concentration. 

Table 16: Overview of Different Crime Concentration Measures for Towns 2010-2017 
by Crime Types. 

Towns 50% of 
Crimes 

90% of Crimes Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
All Crimes 3.82% 25.62% .823 .981 .770 
Violent 4.92% 24.45% .816 .951 .785 
Property 1.78% 21.02% .870 .957 .815 
Drug 2.18% 13.24% .908 .966 .895 

2010      
All Crimes 3.31% 16.08% .883 .897 .856 
Violent 3.47% 13.96% .895 .785 .845 
Property 1.47%  9.20% .939 .823 .890 
Drug 1.41%  5.08% .960 .870 .958 

2011      
All Crimes 3.05% 15.96% .886 .902 .852 
Violent 3.37% 13.77% .897 .796 .850 
Property 1.46%  9.57% .937 .834 .902 
Drug 1.14%  4.68% .964 .873 .956 

2012      
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All Crimes 3.19% 16.86% .879 .897 .843 
Violent 3.56% 13.97% .894 .777 .843 
Property 1.24%  9.55% .940 .844 .904 
Drug 1.56%  5.96% .953 .848 .945 

2013      
All Crimes 2.98% 15.76% .888 .904 .860 
Violent 3.08% 13.32% .902 .782 .851 
Property 1.15%  8.73% .944 .854 .910 
Drug 1.41%  5.86% .956 .867 .947 

2014      
All Crimes 2.72% 15.86% .890 .911 .854 
Violent 3.21% 13.22% .901 .778 .854 
Property 1.00%  8.86% .945 .868 .907 
Drug 1.17%  5.80% .958 .887 .949 

2015      
All Crimes 2.89% 15.54% .890 .909 .860 
Violent 3.19% 13.75% .899 .789 .851 
Property 1.01%  8.13% .949 .859 .919 
Drug 1.38%  5.99% .955 .879 .948 

2016      
All Crimes 2.85% 15.45% .891 .908 .855 
Violent 3.42% 13.57% .897 .769 .853 
Property 1.02%  8.26% .948 .860 .919 
Drug 1.28%  5.47% .958 .890 .947 

2017      
All Crimes 2.65% 15.53% .892 .911 .860 
Violent 3.15% 13.22% .902 .780 .855 
Property  .91%  8.01% .950 .871 .921 
Drug 1.25%  5.95% .955 .880 .943 

The concentration of drug crimes slightly decreased, violent crimes remained 

stable, while property crimes saw a steady increase in concentration to a level almost 

on par with drug crimes. This crime concentration trend pattern is, overall, most 

similar to the Suburban-Wilmington area. 

4.2.6 Touristic 

 Crime in Touristic areas declined from 2010 to 2017, from about 4,800 to 

4,200 crimes (see Table 17). Property crime was the most frequent category for all 

years followed by violent crime.  
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Table 17: Overview of Crimes in Touristic Areas 2010-2017 by Crime Types. 
Touristic 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 4,814 5,425 4,468 4,848 4,639 4,577 4,766 4,199 
Violent Crimes 1,193 1,192 1,190 1,163 1,126 1,101 977 1,057 
Property Offenses 2,951 3,600 2,550 2,947 2,741 2,621 3,038 2,197 
Drug Crimes 670 633 728 738 772 855 751 945 

Violent crimes were slightly less frequent in 2017 than they were in 2010 and 

drug crimes increased from 670 to 945 over the study period (see Table 17). Table 17 

also shows that property crimes saw a steep decrease from about 2,950 to 2,200. 

However, Figure 22 shows that this decline in property crimes is mainly due to the 

steep decline in 2017. In 2016 property crimes were on about the same level as in 

2010. Drug crimes and violent crimes almost reached the same levels in 2017, mainly 

due to the increasing drug crime rate. 

 In Touristic areas, 50% of all crimes were concentrated in just 3.3% of street 

segments between 2010 and 2017 (see Table 18). Drug crimes showed the highest 

level of concentration with 50% of crimes occurring in just about 1.3% of street 

segments and 90% of drug crimes occurring in roughly 10% of all street segments. 

Concentrations of violent and property crimes show only slight differences and are 

almost identical if we focus on the 90% crime concentration, with 19.29% and 19.00% 

of places, respectively. This minor difference is also reflected in the Gini coefficients. 

For example, the Poisson Gamma adjusted Gini shows concentrations at almost the 

same levels with 8.25 for violent crimes and 8.28 for property crimes (see Table 18).  

Table 18: Overview of Different Crime Concentration Measures for Touristic Areas 
2010-2017 by Crime Types. 

Touristic 50% of 
Crimes 

90% of Crimes Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
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All Crimes 3.3 % 22.07% .848 .976 .808 
Violent 3.47% 19.26% .862 .941 .825 
Property 2.86% 19.00% .872 .949 .828 
Drug 1.28% 10.29% .932 .957 .915 

2010      
All Crimes 2.16% 11.90% .915 .891 .880 
Violent 2.34%  9.99% .927 .762 .888 
Property 1.16%  6.63% .954 .849 .931 
Drug  .75%  3.18% .976 .860 .967 

2011      
All Crimes 2.27% 12.30% .912 .894 .887 
Violent 2.34% 10.04% .926 .759 .885 
Property 1.24%  7.64% .949 .858 .924 
Drug  .77%  3.16% .975 .847 .971 

2012      
All Crimes 2.78% 12.45% .906 .881 .877 
Violent 2.66% 10.15% .922 .747 .892 
Property 1.73%  7.43% .945 .812 .930 
Drug  .93%  3.69% .971 .847 .965 

2013      
All Crimes 2.38% 12.18% .912 .895 .879 
Violent 1.93%  8.85% .936 .785 .898 
Property 1.64%  7.33% .945 .839 .927 
Drug  .84%  3.47% .974 .862 .966 

2014      
All Crimes 2.72% 13.48% .901 .878 .875 
Violent 2.36%  9.72% .928 .751 .881 
Property 1.84%  8.42% .938 .809 .913 
Drug 1.00%  4.17% .968 .839 .958 

2015      
All Crimes 2.51% 12.41% .908 .885 .880 
Violent 2.37%  9.84% .927 .742 .885 
Property 1.66%  7.29% .947 .820 .924 
Drug  .93%  4.28% .968 .853 .958 

2016      
All Crimes 2.27% 11.64% .916 .893 .889 
Violent 2.12%  8.74% .935 .741 .899 
Property 1.45%  6.91% .949 .852 .930 
Drug  .67%  3.68% .974 .865 .963 

2017      
All Crimes 2.23% 11.97% .914 .889 .886 
Violent 2.04%  8.97% .935 .759 .880 
Property 1.71%  7.40% .946 .793 .918 
Drug  .80%  4.34% .969 .874 .954 
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Crime concentration trends are similar across crime types. All crimes saw 

slightly decreasing concentrations between 2010 and 2017. Differences between 

groups have, accordingly, also remained stable. 

4.2.7 Rural 

 Crimes in rural areas declined, overall, from about 8,100 in 2010 to roughly 

6,900 in 2017 (see Table 19).  

Table 19: Overview of Crimes in Rural Areas 2010-2017 by Crime Types. 
Rural 2010 2011 2012 2013 2014 2015 2016 2017 

All Crimes 8,115 8,281 7,930 8,157 8,155 8,275 7,897 6,919 
Violent Crimes 2,726 2,872 2,763 2,471 2,414 2,391 2,388 2,246 
Property Offenses 4,183 4,072 3,984 4,340 4,314 4,241 3,789 2,881 
Drug Crimes 1,206 1,337 1,183 1,346 1,427 1,643 1,720 1,792 

Property offenses make up most of the offenses at all time points. However, 

property offenses declined from about 4,180 in 2010 to roughly 2,880 cases in 2017. 

Violent crimes, the second most frequent crime category, also declined, from 2,726 

cases to 2,246 cases (see Table 19). Drug crimes, in contrast, increased from about 

1,200 cases in 2010 to almost 1,800 cases in 2017. Accordingly, differences in crime 

counts between crime types have narrowed from 2010 to 2017. Separated by over 

1,000 cases in 2010, the gaps between crime types have narrowed to a couple of 

hundred crimes. Property crimes remained, overall, stable until 2016, after which they 

experienced a steep decline of about 900 crimes. 

 Table 20 shows that crime in Rural areas appears less concentrated for most 

crime types compared to the other geographic areas, besides the city of Wilmington. 

50% of all crimes between 2010 and 2017 are concentrated in about 7% of all street 

segments. In contrast to other geographic areas, property crimes are the least spatially 
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concentrated in Rural areas. 50% of property crimes are spread out over 8% of all 

street segments, and 90% of property crimes are concentrated in about 30% of all 

street segments. Violent crimes are the second most concentrated with 50% of all 

crimes occurring in 6.41% of all street segments. Drug crimes appear more spatially 

concentrated compared to the other two categories with 50% of crimes occurring in 

about 1.6% of all street segments. The Gini measures support this pattern (see Table 

20). The Poisson Gamma adjusted Gini coefficient has drug crimes at .906, violent 

crimes for all years at .749, and property crimes at .730. 

Table 20: Overview of Different Crime Concentration Measures for Rural Areas 2010-
2017 by Crime Types. 

Rural 50% of 
Crimes 

90% of Crimes Gini Generalized 
Gini 

Poisson 
Gamma Gini 

2010-2017      
All Crimes 6.83% 32.81% .758 .962 .727 
Violent 6.41% 28.48% .785 .922 .749 
Property 8.00% 29.98% .764 .883 .730 
Drug 1.59% 11.86% .921 .950 .906 

2010      
All Crimes 4.55% 17.80% .863 .824 .821 
Violent 3.77% 14.04% .891 .704 .824 
Property 3.21% 25.45% .918 .668 .837 
Drug    .80%  3.15% .975 .850 .974 

2011      
All Crimes 4.66% 18.35% .857 .830 .804 
Violent 4.01% 14.70% .885 .704 .814 
Property 3.27% 10.68% .912 .675 .865 
Drug  .96%  3.54% .972 .844 .963 

2012      
All Crimes 4.75% 18.22% .858 .823 .809 
Violent 3.98% 14.10% .889 .702 .828 
Property 3.37% 10.52% .913 .676 .855 
Drug  .94%  3.42% .972 .828 .969 

2013      
All Crimes 4.59% 17.85% .861 .825 .814 
Violent 3.48% 13.01% .899 .698 .835 
Property 3.32% 10.56% .912 .685 .866 
Drug  .89%  3.64% .972 .845 .963 

2014      
All Crimes 4.36% 17.56% .866 .825 .823 
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Violent 3.42% 12.49% .902 .702 .839 
Property 3.35% 10.35% .914 .654 .856 
Drug  .86%  3.68% .972 .854 .963 

2015      
All Crimes 3.94% 16.64% .874 .842 .830 
Violent 3.29% 12.70% .902 .698 .842 
Property 3.07%  9.73% .919 .682 .873 
Drug  .65%  3.59% .975 .886 .967 

2016      
All Crimes 4.01% 16.80% .873 .840 .835 
Violent 3.42% 12.55% .902 .696 .839 
Property 2.80%  5.85% .925 .683 .878 
Drug  .80%  3.97% .971 .874 .958 

2017      
All Crimes 3.49% 15.72% .884 .845 .838 
Violent 3.23% 12.11% .906 .690 .841 
Property 2.46%  8.14% .934 .678 .895 
Drug  .74%  4.22% .970 .877 .955 

 Drug crime concentrations have decreased from 2010 to 2017, while always 

remaining above .9. Property crimes have seen a steep increase in crime concentration, 

which appears to have happened in two steps: first, from 2010 to 2011 and then from 

2014 a steady increase to 2017. Violent crime has, in contrast, remained stable. The 

divergent trends between property and drug crimes have led to more similar crime 

concentrations in 2017 (.955 for drug crimes and .895 for property crimes) compared 

to 2010 (.974 for drug crimes and .837 for property crimes). 

4.2.8 Comparing Crime Concentrations across Geographic Areas 

 All geographic areas show considerable concentrations of crime in micro-

places. Figure 12 shows that for all crimes across all years (2010-2017) the Poisson-

Gamma adjusted Gini coefficients ranged between .70 and .81. The City of 

Wilmington had the lowest levels of overall crime concentration (.70), followed by 

Rural areas (.73), the Suburbs of Dover (.74), Towns and Suburban-Wilmington (.77), 
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and the highest concentrations were found in the city of Dover and the Touristic areas 

(.81). This pattern largely holds for violent crimes, albeit Dover shows a slightly 

higher adjusted Gini coefficient than the Touristic areas, .84 and .83 respectively (see 

Figure 12). The same pattern holds for property crimes, with the small city of Dover 

showing the highest crime concentration and the small city of Wilmington showing 

the lowest levels of crime concentration. Figure 12 also shows that differences 

between geographic areas are far less pronounced for drug crimes.  

 
Figure 12: Overview Crime Concentrations for All Geographic Areas 2010-2017 by 
Crime Types using the Poisson-Gamma Adjusted Gini. 

 For six of the seven groups, drug crime concentrations range between 

coefficients of .89 and .92. Even for areas that showed overall lower levels of 

concentrations, such as Suburban-Dover or the Rural areas, drug crime concentrations 

are close to the other groups. The small city of Wilmington with a concentration of .79 

shows considerably lower levels of drug crime concentration compared to all other 
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areas. The differences between the highest and lowest concentration appear consistent 

across crime types, ranging from .12 for violent crimes to .14 for property crimes (see 

Figure 12). 

 Figure 13 shows that there is considerable variation in the year-by-year rank 

orders of geographic areas for violent crime concentrations. No geographic area has 

the highest levels of violent crime concentration at all points in time, with the small 

city of Dover, Suburban-Wilmington, and Touristic areas each showing the highest 

concentrations at some point over the 2010-2017 period. While concentrations for 

violent crimes have slightly increased in Wilmington and show some year-to-year 

variability, they remain far below all other groups for all periods. 

 
Figure 13: Overview of Violent Crime Concentration Trends for All Geographic Areas 
2010-2017 using the Poisson-Gamma Adjusted Gini. 

 Figure 14 shows that property crimes, similar to violent crimes, don’t have one 

geographic area that shows the highest levels of concentration at all times. Instead, 
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Touristic areas had the highest concentrations for the first four years, followed by 

Suburban-Wilmington, with the highest concentration for the 2014-2016 period.  

 
Figure 14: Overview of Property Crime Concentration Trends for All Geographic 
Areas 2010-2017 using the Poisson-Gamma Adjusted Gini. 

However, a steep increase in crime concentration in Dover from 2016 to 2017 

has Dover in 2017 with the highest level of crime concentration. While the small city 

of Wilmington again shows the lowest levels of crime concentration. Figure 14 shows 

that Rural areas and Wilmington had about the same level of property crime 

concentration in 2010, but, due to diverging trends, differences increased from just 

.003 in 2010 to .05 in 2017.  

 Figure 15 shows the Poisson-Gamma adjusted Gini coefficients for drug 

crimes from 2010 to 2017 by geographic areas. Compared to violent and property 

crimes the six groups, excluding the small city of Wilmington, show even more 

similar concentrations over time. This pattern, visible in Figure 15, supports the 
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overall pattern highlighted in Figure 12, which found drug crime concentration more 

similar to one another across geographic areas compared to the other two crime types. 

As with violent and property crimes, no single geographic area always showed the 

highest drug crime concentration. Rural areas, Touristic, and Suburban-Wilmington all 

showed the highest levels of concentration at some point in time (see Figure 15). Once 

again, the city of Wilmington showed the lowest concentration across all years. 

 
Figure 15: Overview of Drug Crime Concentration Trends for All Geographic Areas 
2010-2017 using the Poisson-Gamma Adjusted Gini. 

4.3 Discussion 

4.3.1 Chapter Motivation 

 Studies on crime concentrations have focused on major US cities and highly 

urbanized areas (Gill et al., 2017; Park, 2019). Studies on crime concentrations in 

smaller cities and suburban areas are rare, and studies on rural areas have not been 

conducted in the US, to date (see chapter 2.3.3). This lack of data on whether crime 
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concentrations exits across geographic areas stands in stark contrast to current policing 

practices (Telep & Hibdon, 2017). Over 90% of police departments use some form of 

hot spot policing, including smaller cities, suburban areas, and rural parts of the 

county (Koper, 2014). If crime concentrations do not exist in non-traditional urban 

areas, for example, towns or suburban areas, or if high-crime micro-places are 

responsible for considerable less crime, hot spots policing would be ineffective or, at 

least, less effective and police in these areas should deploy resources differently 

(Weisburd & Telep, 2014). Accordingly, conducting studies on crime concentrations 

across geographic areas to establish whether crime concentrations exits in non-

traditional urban areas and, thus, to empirically underpin and potentially refine hot 

spots policing practices is important (Telep & Hibdon, 2017; Weisburd & Telep, 

2014).24 This chapter addressed this open empirical question of whether crime 

concentrations in micro-places exist across geographic areas.  

This is the first crime in micro-place study that used geographic areas across a 

single state in the US and it is the first to analyze small cities, suburban areas, towns, 

as well as touristic and rural areas comparatively. Moreover, previous research on 

crime in micro-places has drawn out several problems that arise in establishing crime 

 
 
24 This is not to say that police across all types of rural areas need intense data 
analytics to identify crime hot spots. Oftentimes, rural police is even better in 
identifying hot spots correctly than their urban counterparts, albeit assumptions about 
what the characteristics of these hot spots are and what criminogenic concepts drive 
crime rates are less reliable (Thurman & McGarrell, 2015). 
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concentrations when faced with situations where micro-places outnumber crime events 

(Curiel, 2019)—for example, when studying crime disaggregated or across various 

jurisdictions which have, overall, lower crime counts, such as rural areas. Different 

measures based on the Gini coefficient have been advanced to substitute or 

supplement traditional measures that focus on the “what % of crimes are concentrated 

in what % of micro-places” question (Mohler, Brantingham, & Carter, 2019). This 

study applied a variety of measures of crime concentrations and is among the first to 

compare these empirically and the first to apply them across crime types and 

geographic areas. Previous studies had, moreover, applied differing definitions of what 

constitutes a small city or a suburban area. This study utilizes a nationally available 

geographic area classification, with minor adjustments, that could provide a consistent 

framework for future studies on crime in micro-places beyond urban areas across the 

US (see chapter 3.3). 

4.3.2 Major Findings and Contributions 

Overall, this chapter makes several important contributions to crime in micro-

place research. There are three core findings: Crime concentrations exist across 

geographic areas (1). The study finds some support for the assumption that more rural 

areas have higher levels of crime concentration (Gill et al., 2017). However, the study 

also shows that there might not only be important differences between more urban and 

more rural area types but also as within. For example, crime concentrations differ by 

types of more rural areas as well as across small cities. The study also contributes to 
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debates about differing crime concentrations by crime types (2). Previous research had 

provided conflicting findings on concentrations by crime types (Andresen, Curman, et 

al., 2017; Andresen & Linning, 2012; Park, 2019). This study helps to complicate the 

picture by providing unique insights from non-urban areas. The study also provided 

empirical support for the usefulness of the Poisson-Gamma adjusted Gini coefficient 

to study crime concentrations across geographic areas (3). However, the study also 

shows the value of the “% of crimes in % of micro-places” approach to crime 

concentrations, due to its use in prior studies and its usefulness to draw comparisons to 

prior research. The focus on the “50% of all crimes” measure also seems to capture a 

slightly different dimension of crime concentrations compared to the Gini measures.  

In the following, I discuss each core finding in some more detail: 

1. One of the key disputes in the crime in micro-place literature is whether 

crime is concentrated across geographic areas and whether the bandwidth of 

concentrations is consistent across areas with differing levels of urbanization. 

Weisburd (2015) had suggested that about 5% of all places account for 50% of all 

crimes. Weisburd’s research had shown highly consistent rates for large metropolitan 

cities, such as Seattle or New York. However, Weisburd (2015) already suggested that 

smaller cities with populations of about 100,000 showed higher levels of crime 

concentration. The assumption that smaller cities and less urbanized areas have higher 

levels of crime concentration was supported by Gill et al. (2017), as well as Park 

(2018) for the UK. One the other hand, Hipp and Kim (2017) focused on cities of 

different sizes, including several below 70,000, and found lower as well as higher 
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levels of crime concentration for these smaller cities as suggested by. Their research 

indicates that the bandwidth of the law of crime concentration is less stable as 

suggested by Weisburd (2015).  

In this study, 50% of all crimes were accounted for by between 2.51% and 

9.38% of all places. With five of seven areas showing crime concentrations of 50% of 

crimes in less than 4% of all street segments, and two areas above 6%. The findings 

from this study help to contextualize some of the previous conflicting findings, 

outlined above. When previous studies had speculated about the tendency of less 

populated areas to show higher levels of crime concentration, they had, in fact, mainly 

referred to smaller cities (Gill et al., 2017; Hipp & Kim, 2017; Weisburd, 2015). This 

study supports Hipp’s and Kim’s (2017) finding that small cities might show 

significant variation, with some showing far lower crime rates and others exceeding 

the suggested benchmark. Int his study, the highest levels of crime concentration (50% 

of crimes in just 2.51% of street segments) as well as the least levels of concentrations 

across the study period (in 9.38% of places) stem from the two small cities included in 

this study. Wilmington, the small city which is part of the Philadelphia-Camden-

Wilmington metro area and which represents the most urbanized area in this study, 

showed the lowest levels of crime concentration. The small city of Dover, which is 

more isolated and only surrounded by its suburbs and rural areas, shows the highest 
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levels of concentration.25 These findings underscore the importance of studying 

smaller cities in more detail. Smaller cities have been largely neglected by sociological 

and criminological research (Ocejo et al., 2020). A more refined understanding and 

typology (e.g. adjacent to metro areas vs. isolated) might offer insights into what 

social factors underscore the differing patterns of crime concentrations in these areas. 

Isolated small cities, small cities that are solely surrounded by their suburbs and 

otherwise more rural areas, might show features that are more similar to Towns and 

other suburban and even less urbanized areas. Here, we might find higher levels of 

crime concentration, compared to small cities connected to metro areas, due to even 

higher concentrations of crime generators in fewer micro-places and, overall, less 

decentralization compared to other types of smaller and larger cities. Further research 

on the specific features that shape crime in these areas might give some indication of 

what explains the considerable bandwidth in crime concentrations across small cities 

(see Chapter 5 and Chapter 6).  

The other major claim made in the literature, that less urbanized areas show 

higher levels of crime concentrations (Gill et al., 2017; Weisburd, 2015), is mainly 

supported by this study. However, while both suburban areas included in the study 

showed higher levels of crime concentration compared to the most urbanized area as 

well as the bandwidth expected by the law of crime concentration, of the three most 

 
 
25 However, on very comparable levels to the Touristic and Towns areas. 
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rural types only the Touristic and the Town areas show higher levels of crime 

concentration than expected. In contrast, the Rural areas with 50% of crimes 

concentrated in almost 7% of all micro-places provide a conflicting result with 

somewhat lower levels than expected by the law of crime concentration and breaking 

with the assumption that more rural areas always have higher crime concentrations. 

Since few prior studies on crime in micro-places have focused on non-urban areas, it is 

difficult to assess these findings for rural areas. Park’s (2019) study on jurisdictions in 

the UK had found a consistent trend which suggested that police jurisdictions with 

lower levels of population density, longer street segments, and lower crime counts (i.e. 

more rural areas) showed higher levels of crime concentration. However, my study 

finds considerable variations by types of more rural areas. These results might suggest 

that, within the police jurisdictions studied by Park, we might find additional variation 

by the types of rural areas they include. Accordingly, deciding on consistent 

definitions of geographic areas for crime in micro-place studies might be central to 

assessing the assumption of higher levels of crime concentration in more rural areas. 

Studies that use street segments as a measure of rurality do not account for the specific 

contextual factors that shape different types of more rural areas. This study suggests 

that traditional rural areas, the most rural areas, do not have the highest levels of crime 

concentration, as a simple linear trend along street segment length would suggest. A 

focus on different types of geographic areas, such as can be found in the NCES 

classification which, therefore, likely has advantages over rural-urban categorizations 

by street segment length and population density of, for example, police jurisdictions. 
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And, once again, a focus on what criminogenic factors drive diverging trends within 

types of rural areas might help make decisions about whether it makes sense to 

separate, for example, towns from surrounding rural areas (see Chapter 5 and Chapter 

6). Focusing solely on the levels of crime concentrations suggests that the use of more 

fine-grained classifications of rural areas, such as used in this study, is important. 

Overall, future research needs to account for differing definitions of geographic areas 

and should aim at increasing the comparability of results by relying on similar 

definitions of crimes as well as geographic areas. The NCES classification appears, 

overall, well suited to guide future research on crime in micro-places beyond urban 

areas. 

2. The importance of studying crime disaggregated has long been raised in the 

crime in micro-place literature (Andresen & Linning, 2012). Studies have found 

conflicting results regarding crime concentrations for specific crime types. For 

example, Sherman et al. (1989) found that rape (1.2% of addresses) was more 

concentrated than robbery (2.2%) or vehicle theft (2.7%). Subsequent studies found 

that shootings (3%) were more concentrated than robberies (8.1%) (Braga et al., 2011, 

2010). But, in another study robbery was more concentrated (50% of crimes in .84% 

of places) than any kind of other crime (e.g. theft in 2.58%, burglary in 7.61%, assault 

in 1.12%) (Andresen & Malleson, 2011b). While these fine-grained classifications are 

important, the immense variation from study to study shows that they offer no reliable 

overall orientation. While important for crime analysis and policing practices, they are 

less informative for general estimations of crime concentration patterns. A 
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compromise can be found in studies that focus on major crime types such as violent 

and property crimes. For example, Park (2019) found very little variation across crime 

types. About 2% of street segments were responsible for 50% of violent, property, and 

disorder/drug crimes in the UK in 2016. For 75% and 100% concentrations, violent 

crimes were more concentrated than property and drug/disorder crimes (Sanguin Park, 

2019).  

This study also used major classifications into violent, property, and drug 

crimes. In contrast to Park’s (2019) study, which used a comparable measure of crime 

types, the current study found considerable variation at the 50% concentration level 

across geographic areas. For all but Rural areas, property crimes showed considerably 

higher spatial concentrations (ranging from .66% to 8% of street segments) than 

violent crimes (ranging from 3.47% to 9.39%). Only in rural areas, 50% of property 

crimes (in 8% of micro-places) were less concentrated than 50% of violent crimes (in 

6.41 of micro-places). The overall pattern of higher levels of property crime 

concentrations was supported by the Gini and adjusted Gini coefficients. These 

findings further complicate the picture of crime concentrations by crime types. 

Especially, the higher levels of property crime concentrations compared to violent 

crimes are not widely supported by prior literature, albeit partially align with Park’s 

(2019) findings. These differences between studies might stem from the composition 

of property and violent crimes included since the subtypes show considerable variation 

(as highlighted above). Future studies might want to construct consistent measures of 

property and violent crimes based on prior studies to allow for better comparisons of 
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crime concentrations by crime types. This requires detailed documentation of the 

specific crime codes included in studies to construct measures for violent, property, or 

drug crimes as well as more fine-grained crime types (e.g. see Appendix A). 

Otherwise, studies will continue to provide inconsistent findings on crime 

concentrations for different crime types. 

Few studies have investigated drug crime concentrations in micro-places 

(Weisburd & Mazerolle, 2000). As one of the few, Park’s (2019) study combined drug 

crimes with disorder crimes and found similar levels of concentrations as for property 

and violent crimes. However, there is reason to believe that disorder crimes might be 

less spatially concentrated than any other crime type since they can happen almost 

everywhere and often do not require the presence of suitable targets. In contrast, 

studies on drug crimes have, for example, found that in a given year only 5% of street 

segments showed drug activity at all (Weisburd & Mazerolle, 2000). Weisburd’s and 

Mazzerolle’s (2000) findings are more consistent with the high drug crime 

concentrations found in my study compared to Park’s (2019). Concentrations for 90% 

of crimes by years show very similar concentrations to those found by Weisburd and 

Mazerolle (2000) in New Jersey City. Taking only the 50% concentration measure 

into account, property and drug crimes show similar concentration levels, and for 

about half the geographic areas one or the other shows a higher concentration. 

However, the Gini measures overall suggest that drug crimes have the highest degree 

of crime concentration of the three studied crime types. Future studies might 

distinguish between drug selling and drug possession offenses to further refine this 
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pattern. It stands to reason that possession crimes are less spatially concentrated than 

drug selling crimes since drug selling offenses known to the police might often be 

connected to stationary drug markets which are more easily surveilled than other types 

of drug markets (Rengert, Ratcliffe, & Chakravorty, 2005). However, this pattern 

might differ by geographic areas and depending on the types of drug markets that are 

present in these areas (Baika & Campana, 2019; Robinson & Rengert, 2006; 

Taniguchi, Rengert, & Mccord, 2009). Overall, the high levels of spatial concentration 

for drug crimes might make this crime type an especially important case for hot spots 

policing approaches.26 

3. Finally, the analysis in this chapter also contributes to the wider debate 

about how to study crime in micro-places more general. Recent studies on crime 

concentrations have pointed out that in cases where places exceed crimes conventional 

approaches give biased estimates (Bernasco & Steenbeek, 2017; Curiel, 2019). While 

several adjusted measures have been proposed (Bernasco & Steenbeek, 2017; Mohler, 

Brantingham, Carter, & Short, 2019), few studies have applied these measures in 

empirical studies and no study has compared several proposed measures in one 

 
 
26 Current drug crime policing approaches might, however, already artificially produce 
this pattern of extremely high spatial concentrations by, for example, disproportionally 
enforcing drug laws in minority communities with open air drug markets (Donnelly, 
Wagner, Anderson, & Connell, 2019). If specific micro-places show persistent high 
drug crime rates this might, therefore, actually indicate that current policing practices 
are not successful in these areas, instead of indicating that more police deployment is 
needed. 
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empirical study. Specifically, these measures should be advantageous for studies in 

less urbanized areas since we have overall lower crime counts. However, so far these 

are theoretically guided assumptions or based on simulation studies. This study is 

unique in its application of different measures across geographic areas and, therewith, 

provides first empirical orientation points to assess the proposed effectiveness of the 

concentration measures for crime in micro-places beyond urban areas.  

This study confirms the overall pattern suggested by Mohler et al. (2019). The 

Poisson-Gamma Gini provides similar results to the Gini coefficient if cases are 

plenty, although they never converge in the present study. The Generalized Gini 

provides values higher than the Gini when cases are plenty, such as when all years or 

all crime types were combined. The Poisson-Gamma adjusted Gini is also helpful to 

compare the geographic areas with one another since it adjusts for the differing event 

and micro-place counts. The combination of the Gini measures with the “% of crimes 

in % of micro-places” approach helped to evaluate cases in which crime types showed 

conflicting results for the 50% and 90% concentration measures. As expected, the Gini 

measures are mostly aligned with the 90% measurements, this was expected since the 

Gini takes 100% of crimes into account.  

Using the new Gini measures, however, also highlights a wider problem of 

introducing new approaches to studying crime concentrations. As researchers have 

pointed out, the question is not whether crime is concentrated, but whether crime is 

more or less concentrated in contrast to some comparison category (Eck et al., 2017). 

For the current study that could, for example, be prior studies on micro-places. 
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However, since no study has used the Poisson-Gamma adjusted Gini coefficient the 

only comparisons that the study can draw are between geographic areas within the 

study. For evaluations with prior work, I had to rely on the 50% crime measure. The 

only study to date that also applied the Poisson-Gamma adjusted Gini measure 

focused on larger geographic units (Amemiya & Ohyama, 2019), and, accordingly, 

showed lower levels of crime concentrations as in this study (Eck et al., 2017). Future 

work should continue to evaluate the Poisson-Gamma adjusted Gini since it has the 

potential to allow for reliable comparison across geographic areas as well as for 

disaggregated crimes. However, research should also continue to provide overviews of 

the “% of crimes in % of micro-places” approach to allow a reassessment of 

conclusions drawn from prior studies considering the newer Gini measures.  

 Overall, this chapter has highlighted the importance of studying crime 

concentrations across geographic areas. The study found support for the hypothesis 

that crime is even more concentrated in less urbanized areas, albeit differences within 

more urbanized and less urbanized areas also exist. These findings underscore the 

importance of using area-type classifications over street segment length or 

jurisdiction-based approaches to defining urban and rural areas. The chapter has also 

highlighted the importance of refocusing small cities in sociological and 

criminological research to assess whether concepts and ‘laws’ established for 

traditional-urban areas hold up. The finding of conflicting degrees of crime 

concentration in the two small cities in this study raises the question of why small 

cities show a wide bandwidth of crime concentrations. The study proposes a typology 
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by more isolated small cities and small cities connected to major metropolitan areas. 

However, the effectiveness of this classification is an open empirical question for 

future research. One of the central questions this chapter leaves open is whether there 

are differences in place characteristics that allow us to understand the differences 

between geographic areas. The coming chapters address this question. 



 

 112 

Chapter 5 

BEYOND URBAN AREAS: ASSESSING CRIMINOGENIC CONCEPTS 

This chapter addresses the research question of how well leading 

criminological concepts can predict high-crime micro-places across geographic areas. 

As outlined (see chapter 2.2.3), researchers on crime and place and crime and micro-

places, specifically, have increasingly advocated for refocusing research on testing 

criminogenic concepts. One of the main drivers of this call for theoretical 

advancement is the realization that successful, long-term, place-based interventions 

require in-depth knowledge not only about where crime is concentrated but also about 

why it is concentrated in specific micro-places (Weisburd, 2015; Weisburd & Telep, 

2014). Especially, the focus on chronic high-crime areas that show persistent high-

crime rates, often even after the police have advanced several crime reduction 

measures, underscores the importance of in-depth information about criminogenic 

factors (Telep & Hibdon, 2017). Crime prevention in these areas might also require 

reconsiderations of socioeconomic micro-place characteristics which are needed to 

advocate for holistic crime prevention strategies (Bjørgo, 2016; Weisburd et al., 2016, 

2012).  

Empirical crime in micro-place research has only recently begun to reintegrate 

opportunity and socioeconomic place characteristics (see section 2.3.2). Studies that 

have aimed at integrating criminogenic concepts, beyond the classic opportunity 

theories, have focused on measures of social disorganization. However, other 

important criminogenic concepts such as relative deprivation have been absent from 

studies on crime and micro-places. This study is novel in testing associations between 

crime concentrations and indicators for opportunity theories as well as socioeconomic 



 

 113 

theories of crime such as absolute deprivation theory, relative deprivation theory, or 

disorganization theory.  

The most important limitation of current crime in micro-place research for 

assessing criminogenic impacts on crime concentrations, however, is the limited 

attention paid to non-traditional urban areas (Gill et al., 2017; Park, 2019; Weisburd & 

Telep, 2014). While there is considerable debate about the appropriateness of, for 

example, social disorganization theory for non-urban areas in large area studies (i.e. 

county-level studies), no study on crime in micro-places has assessed criminogenic 

concepts for micro-places across geographic areas in the US (see chapter 2.3.3). 

However, since non-urban areas also show high-levels of crime concentration (see 

Chapter 4), assessing whether the same criminogenic concepts are associated with 

crime concentrations across areas might be crucial to develop targeted interventions 

for all geographic areas (Telep & Hibdon, 2017; Weisburd & Telep, 2014). Overall, 

this chapter addresses one of the pressing questions in crime in micro-place research to 

advance hot spot interventions (“what predicts crime concentrations”), introduces an 

additional criminogenic concept in micro-place research (“relative deprivation”), and 

takes a crucial step to potentially advance crime prevention beyond traditional-urban 

areas (“do the same criminogenic concepts predict crime concentrations across 

geographic areas”). 

5.1 Analytical Strategy  

To examine the roles of opportunity and socioeconomic micro-place 

characteristics on violent, property, and drug crimes across geographic areas, I 

estimate count-based regression models for each geographic area. Since I am 

analyzing comparatively rare events in micro-places, I apply a nonlinear Poisson 
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model, with crime counts as the outcome variables. There are two major concerns if 

using this approach. First, in cases of rare events, like those analyzed in this study, the 

assumption of the Poisson model that the mean and variance in the dependent variable 

are equal is commonly violated—the data is overdispersed. In that case, estimates are 

inefficient and standard errors are biased downward.27 A second problem that 

commonly arises when analyzing spatial data is that micro-places near each other may 

have more similar crime counts compared to other further away micro-places. This 

would violate the assumption of uncorrelated errors in the regression models. To 

account for the effects of crime occurring in nearby street segments, I followed the 

approach suggested by Groff and Lockwood (2014) and I calculated a crime lag term. 

I used a 1,200 feet buffer (three blocks) and identified all segments within this 

distance using Stata’s “geonear” command. The crime counts within the buffer 

distance were then totaled for each street segment and used as a covariate in the 

regression models. Accordingly, spatially adjusted, negative binomial regression 

models were fitted due to the nature of the overdispersed, spatial, count data (Long, 

1997; Long & Freese, 2006). I also compare coefficients from these models to 

determine whether conditions have different impacts by crime types or across 

geographic areas (Paternoster, Brame, Mazerolle, & Piquero, 1998).  

An additional concern when studying micro-places is that the chances of 

experiencing crime events depend, in the case of this study, on the length of the street 

segment. Therefore, street segment length was used as the offset to account for 

 
 
27 Analysis was undertaken in Stata 15 using the “nbreg” command. By default, Stata 
provides information about overdispersion (α) using a 1-tailed test of H0: α = 0. All 
models indicated overdispersion. 
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different likelihoods of crime events to occur (Osgood, 2000). Finally, 

multicollinearity was assessed using correlation matrices, and, additionally, models 

were run as linear regressions and Variance Inflation Factors (VIF) were assessed (see 

Appendix B), indicating no severe issues (Hair, Black, Babin, Anderson, & Tatham, 

2010). 

5.2 Results 

5.2.1 Wilmington – Small City in a Metro Area 

Tables 21 and 22 provide descriptive statistics for the independent variables 

used in this study. Opportunity theories are measured using the three indices 

representing street segment exposure to crime generators, public places, and local 

guardianship. In the city of Wilmington, street segments saw levels of exposure to 

crime generations from 0 to over 300 with an average of 21.14. The ranges for the 

public place index and local guardianship index are narrower with a 0 to 50 range, and 

averages of about 6.05 and 6.54 respectively (see Table 21).  

Table 21: Descriptive Statistics of Micro-Place Opportunity Characteristics in 
Wilmington. 

Wilmington Mean SD Min Max 
Crime Generators 
Crime Generators Index 21.14 36.26 0.00 301.70 
Drinking Places 1.97 3.15 0.00 23.37 
Restaurants 9.32 15.40 0.00 116.51 
Other Amenities 0.13 0.73 0.00 9.21 
Hotels & Motels 0.49 2.48 0.00 26.31 
Retail & Stores 8.60 19.20 0.00 177.60 
Gas Stations 0.63 1.57 0.00 12.71 
Public Places 
Public Places Index 6.05 7.18 0.00 44.83 
Schools 2.59 4.16 0.00 33.29 
Libraries 0.31 1.30 0.00 20.12 
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Hospitals 0.33 1.53 0.00 19.34 
Recreational Spaces 2.81 5.23 0.00 37.11 
Local Guardianship 
Local Guardianship Index 6.54 6.39 0.00 48.39 
Police Stations 0.03 0.30 0.00 5.27 
Fire Stations 0.17 0.70 0.00 6.73 
Religious Organizations 5.46 5.45 0.00 37.37 
Civil Organizations 0.88 2.97 0.00 37.83 

Table 22 presents the socioeconomic indicators used in this study. In 

Wilmington, the average levels of concentrated disadvantage range above the 

Delaware average at .86 with a minimum value -1.26 and a maximum of 4.86. This 

index includes measures of, for example, poverty which shows that the street segments 

show between 0 and 81.28% exposure to poverty, indicating a wide range of 

socioeconomic living conditions in the small city of Wilmington. Residential 

instability is also above the Delaware average at .54. However, the range of residential 

instability from -1.25 to 3.10 also indicters a wide range of living conditions in the 

city. Economic inequality is expressed using the Gini coefficient. The mean level of 

economic inequality in Wilmington is .42, above the Delaware average of .39. On 

average, the city of Wilmington shows higher levels of Black residents (about 54% on 

average) in the exposure areas of street segments compared to Delaware at large. 

Table 22: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Wilmington. 

Wilmington Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage .86 1.21 -1.26 4.86 

% Poverty 25.40 14.02 0 81.28 
% Public Assistance 3.41 2.68 0 13.40 
% Female Headed Households 24.30 14.77 0 85.71 
% Under 18 21.59 9.20 3.12 64.37 

 
Residential Instability .54 .77 -1.25 3.10 

% Mobility 18.01 8.30 0 50.33 
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% Vacant Units 16.99 8.86 0 40.78 
 

Economic Inequality .42 .06 .26 .61 
% Black 54.16 30.46 0 100 
Total Population 1003 262 196 2193 
Other Controls 
Segment Length .06 .06 .01 1.72 
Crime Lag 1327 1087 0 4766 

Table 23 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models. Different criminogenic factors 

appear to drive offenses across crime types. For property crimes, offenses are 

associated with higher exposure of street segments to crime generators. Similarly, 

higher levels of local guardianship are associated with a decreased likelihood of 

property crimes. Out of the socioeconomic indicators only concentrated disadvantage 

shows a significant association with property crimes in Wilmington. Street segments 

with higher rates of disadvantage also show higher property crime counts. Violent and 

drug crimes, in contrast, show no significant associations with crime generators or 

local guardianship, but higher exposure to public places increases the crime counts for 

these offense types. The pattern of significant socioeconomic predictors also differs 

from property crimes. While concentrated disadvantage, as in the case of property 

crimes, is associated with higher crime counts (z-score comparison show no 

significant differences across groups), violent and drug crimes occur, moreover, in 

street segments that have higher populations counts as well as in areas with less 

economic inequality. Violent and property crimes are also associated with a higher 

average percentage of Black residents in the service areas of street segments. Higher 

crime counts in surrounding areas increase the risk of higher offense occurrences for 
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all crime types in Wilmington (z-score comparisons show significantly higher impacts 

for violent (2.24) and drug crimes (3.19) compared to property crimes but no 

significant differences between drug and violent offenses (-1.65)).  

Table 23: Negative Binominal Regression Results for Wilmington by Crime Types. 
Wilmington 

 
Violent Crimes Property Crimes Drug Crimes 

IRR LB UB IRR LB UB IRR LB UB 
Crime 
Generators 1.002 0.999 1.005 1.014*** 1.008 1.021 0.997 0.993 1.001 

Public Places 1.014* 1.002 1.026 0.997 0.973 1.022 1.014 1.002 1.026 

Local 
Guardianship 1.001 0.991 1.010 0.968* 0.942 0.995 0.996 0.985 1.007 

Concentrated 
Disadvantage 1.294*** 1.158 1.445 1.341* 1.059 1.699 1.340*** 1.119 1.606 

Residential 
Instability 1.060 0.863 1.303 0.971 0.648 1.457 1.165 0.832 1.631 

Economic 
Inequality 0.876** 0.795 0.966 1.029 0.843 1.255 0.829** 0.711 0.967 

% Black 
Population 1.005** 1.002 1.008 .996 .988 1.005 1.004* 1.001 1.008 

Total 
Population 1.001** 1.000 1.001 1.001* 1.000 1.002 1.001* 1.000 1.001 

Spatial Lag 1.000*** 1.000 1.000 1.000*** 1.000 1.000 1.000*** 1.000 1.001 

N 3,950 3,950 3,950 

5.2.2 Suburban-Wilmington – Suburban Area of a Small City in a Metro Area 

Table 24 provides an overview of the opportunity characteristics of street 

segments in Suburban-Wilmington. The average exposure to crime generators is 4.80, 

slightly below the Delaware average, and less than four times the average for the city 

of Wilmington. Similarly, the mean values for the public place index as well as the 

local guardianship index show levels below the Delaware average. However, the 

standard deviation and the range show that several street-segments in Suburban-
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Wilmington show very high exposure to these place characteristics, on comparable 

levels to the highest segments in the small city of Wilmington.  

Table 24: Descriptive Statistics of Micro-Place Opportunity Characteristics in 
Suburban-Wilmington. 

Suburban-Wilmington Mean SD Min Max 
Crime Generators 
Crime Generators Index 4.80 12.42 0.00 276.52 
Drinking Places 0.28 1.04 0.00 18.85 
Restaurants 1.73 6.07 0.00 180.60 
Other Amenities 0.03 0.28 0.00 6.72 
Hotels & Motels 0.12 0.78 0.00 14.58 
Retail & Stores 2.46 6.50 0.00 202.90 
Gas Stations 0.17 0.89 0.00 15.80 
Public Places 
Public Places Index 0.59 1.92 0.00 43.66 
Schools 0.47 1.73 0.00 43.66 
Libraries 0.03 0.39 0.00 13.81 
Hospitals 0.02 0.24 0.00 5.54 
Recreational Spaces 0.07 0.57 0.00 16.49 
Local Guardianship 
Local Guardianship Index 0.99 2.14 0.00 18.70 
Police Stations 0.03 0.33 0.00 7.67 
Fire Stations 0.06 0.41 0.00 6.43 
Religious Organizations 0.74 1.79 0.00 18.49 
Civil Organizations 0.16 0.74 0.00 15.28 

Table 25 provides an overview of the socioeconomic conditions in Suburban-

Wilmington. Concentrated disadvantage, as well as residential instability, show values 

below the Delaware average at -.23 and -.41 respectively. Economic inequality is 

slightly below the Delaware average and, accordingly, also lower than in the city of 

Wilmington. The average percentage of the Black population in the service area of 

street-segments in the Suburban-Wilmington area (16.49%) is also slightly below the 

Delaware average and significantly lower than in Wilmington (>50%). These patterns 

show that living conditions in Suburban-Wilmington are on average quite different 

from the adjacent city area. 



 

 120 

Table 25: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Suburban-Wilmington. 

Suburban-Wilmington Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage -.23 .55 -1.47 2.77 

% Poverty 9.63 9.49 0 67.46 
% Public Assistance 1.12 2.25 0 21.43 
% Female Headed Households 11.55 6.96 0 41.91 
% Under 18 21.114 6.12 0 39.82 

 
Residential Instability -.41 .68 -1.38 3.84 

% Mobility 11.52 8.10 0 60.09 
% Vacant Units 6.26 5.71 0 36.78 

 
Economic Inequality .37 .07 .21 .61 
% Black 16.49 17.40 0 89.30 
Total Population 1734 841 307 4630 
Other Controls 
Segment Length .11 .13 0 4.16 
Crime Lag 188 236 0 2448 

Table 26 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models for Suburban-Wilmington. 

Crime type specific patterns are less pronounced in Suburban-Wilmington than in 

Wilmington. Regarding the opportunity characteristics, higher exposure to crime 

generators as well as public places is associated with increased crime occurrences for 

all offense types. However, z-score comparisons of coefficients show that crime 

generators are a more significant contributor for property crimes compared to violent 

(6.86) and drug crimes (5.34). For violent and property crimes, higher levels of local 

guardianship reduce the risk of crime, while for drug crimes the association is not 

significant. As in Wilmington, concentrated disadvantage is significantly associated 

with increased crime counts across crime types (with no significant differences based 

on z-score comparisons), while higher levels of inequality are significantly associated 
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with reduced risks of crime occurrences for all crime types. Residential instability 

shows a positive association across crime counts (with no significant differences 

across crime types based on z-score comparisons). Higher rates of Black residents are 

a significant predictor of higher crime counts for violent and drug crimes but not for 

property crimes. This pattern is similar to the city of Wilmington. The total population 

in surrounding areas is not significantly associated with violent and property crimes 

and shows an inverse relationship for drug crimes—higher concentrations of residents 

in surrounding areas reduce the risk of drug crimes in street segments in the Suburban-

Wilmington area. Higher rates of crime in surrounding areas are, as in Wilmington, 

associated with increased crime counts across crime types. 

Table 26: Negative Binominal Regression Results for Suburban-Wilmington by Crime 
Types. 

Suburban-
Wilmington 

Violent Crimes Property Crimes Drug Crimes 
IRR LB UB IRR LB UB IRR LB UB 

Crime 
Generators 1.014*** 1.011 1.018 1.101*** 1.076 1.127 1.032*** 1.026 1.037 

Public Places 1.087*** 1.045 1.131 1.074* 1.005 1.148 1.068** 1.020 1.118 

Local 
Guardianship 0.978** 0.963 0.993 0.915*** 0.880 0.951 1.019 0.988 1.052 

Concentrated 
Disadvantage 1.597*** 1.474 1.730 1.688** 1.221 2.333 1.795*** 1.547 2.084 

Residential 
Instability 1.372*** 1.279 1.471 1.561** 1.194 2.040 1.472*** 1.330 1.628 

Economic 
Inequality 0.891*** 0.847 0.937 0.861* 0.742 1.000 0.923* 0.858 0.992 

% Black 
Population 1.009*** 1.005 1.013 1.022** 1.007 1.037 1.011*** 1.006 1.017 

Total 
Population 1.000 .999 1.000 .1000 .999 1.000 .999* .999 .999 

Spatial Lag 1.002*** 1.001 1.002 1.001* 1.000 1.001 1.001*** 1.001 1.002 
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N 18,321 18,321 18,321 

5.2.3 Dover – Isolated Small City 

Table 27 provides an overview of the opportunity indicators for the city of 

Dover. The average exposure to crime generators was 9.53 per street-segments, 1.58 

for public places, and 2.76 for local guardianship. While the values significantly 

exceed those of Suburban-Wilmington, they remain below those of the city of 

Wilmington (compare to Table 21). Indicators of crime generators and local 

guardianship show about half the exposure as in Wilmington. For specific 

establishments types, the exposures, however, are at or above the Wilmington levels, 

for example for Hotels and Motels or Other Amenities.  

Table 27: Descriptive Statistics of Micro-Place Opportunity Characteristics in Dover. 
Dover Mean SD Min Max 

Crime Generators 
Crime Generators Index 9.52 15.64 0.00 95.91 
Drinking Places 0.39 1.35 0.00 12.64 
Restaurants 3.16 5.66 0.00 45.15 
Other Amenities 0.12 0.77 0.00 9.92 
Hotels & Motels 0.53 1.79 0.00 19.20 
Retail & Stores 5.14 9.00 0.00 68.11 
Gas Stations 0.18 0.90 0.00 10.29 
Public Places 
Public Places Index 1.58 3.04 0.00 17.13 
Schools 1.05 2.27 0.00 17.13 
Libraries 0.16 0.76 0.00 7.13 
Hospitals 0.09 0.72 0.00 11.01 
Recreational Spaces 0.28 1.29 0.00 17.10 
Local Guardianship 
Local Guardianship Index 2.76 5.25 0.00 28.81 
Police Stations 0.30 1.74 0.00 17.14 
Fire Stations 0.05 0.39 0.00 6.36 
Religious Organizations 2.00 4.06 0.00 27.57 
Civil Organizations 0.41 1.42 0.00 12.76 
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Table 28 shows the socioeconomic makeup of the city of Dover. Measures of 

residential instability at .53, concentrated disadvantage at .71, as well as economic 

inequality at .53 lie above the Delaware average and are on par with the city of 

Wilmington. The area showed lower levels of the average Black population at about 

40% which is about twice the Delaware average but slightly below the city of 

Wilmington. Overall, the two small cities show similar socioeconomic patterns while 

diverging in their opportunity characteristics (compare to Table 22).  

Table 28: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Dover. 

Dover Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage .71 .77 -.53 3.02 

% Poverty 19.51 6.83 1.19 32.94 
% Public Assistance 3.44 2.72 0 10.86 
% Female Headed Households 18.50 8.96 2.37 45.76 
% Under 18 20.46 6.33 7.43 34.63 

 
Residential Instability .53 .57 -1.20 2.99 

% Mobility 23.15 9.42 2.38 47.66 
% Vacant Units 9.93 5.35 0 29.03 

 
Economic Inequality .42 .05 .29 .52 
% Black 39.98 16.33 3.86 84.84 
Total Population 2202 599 881 3781 
Other Controls 
Segment Length .10 .17 0 3.4 
Crime Lag 433 462 0 2939 

Table 29 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models for the small city of Dover. 

The city overall shows a pattern that does not completely conform to neither the city 

of Wilmington nor the Suburban-Wilmington area. In Dover, crime generators show a 

significant association with higher crime counts across crime types (z-score 
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comparisons show that the indicator contributes more heavily to property crimes 

compared to violent crimes (z-score=4.27) as well as drug crimes (z=2.30)). Public 

places show a significant association with drug crimes, while higher levels of local 

guardianships are associated with reduced crimes for property and violent crimes. 

Again, concentrated disadvantage shows significant positive associations with all 

crime types (and no significant differences in the contribution across crime types), 

while economic inequality shows a negative relationship with all offense types—this 

is consistent with Suburban-Wilmington. In contrast to the two previous areas, in 

Dover higher exposure to Black residents shows significant associations with property 

crimes and no significant association with drug crimes. As in previous areas, the 

association is also significant for violent crimes. The total population in the areas 

surrounding street segments is significantly associated with violent and property 

crimes in Dover. And, the crime lag is significantly associated with all crime types—

consistent with Wilmington, and Suburban-Wilmington. 

Table 29: Negative Binominal Regression Results for Dover by Crime Types. 
Dover Violent Crimes Property Crimes Drug Crimes 

IRR LB UB IRR LB UB IRR LB UB 
Crime 
Generators 1.013** 1.005 1.021 1.078*** 1.049 1.109 1.030*** 1.019 1.042 

Public Places 1.043 0.987 1.102 1.026 0.932 1.129 1.016 0.958 1.077 

Local 
Guardianship 0.968* 0.940 0.996 0.914** 0.863 0.968 0.987 0.950 1.025 

Concentrated 
Disadvantage 1.499*** 1.198 1.875 1.786** 1.183 2.695 1.476*** 1.163 1.873 

Residential 
Instability 0.886 0.687 1.142 1.057 0.618 1.808 0.922 0.708 1.200 
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Economic 
Inequality 0.809* 0.667 0.980 0.591** 0.405 0.862 0.895 0.739 1.084 

% Black 
Population 1.020** 1.007 1.032 1.039** 1.016 1.063 1.018 1.005 1.030 

Total 
Population 1.000** 1.000 1.001 1.001* 1.000 1.001 1.000 .999 1.000 

Spatial Lag 1.001*** 1.000 1.001 1.001* 1.000 1.001 1.001** 1.000 1.001 

N 2,194 2,194 2,194 

5.2.4 Suburban-Dover - Suburban Area of an Isolated Small City 

Table 30 provides an overview of the opportunity characteristics across street-

segments in Suburban-Dover. The area shows overall comparable levels of exposure 

to the other Suburban area in this study. The average exposure to crime generators per 

street segment is about 3.51 and to public places at .54. The local guardianship 

indicator shows a value of 1.45 on average per street segment. While these levels are 

comparable to Suburban-Wilmington, the maximum values lie far below the 

Wilmington city area as well as the Wilmington-Suburbs. They are, overall, more in 

line with the city of Dover. While the two suburban areas, accordingly, have a similar 

overall pattern, Suburban Wilmington harbors more street segments with very high 

exposure values.  

Table 30: Descriptive Statistics of Micro-Place Opportunity Characteristics in 
Suburban-Dover. 

Suburban-Dover Mean SD Min Max 
Crime Generators 
Crime Generators Index 3.51 9.49 0.00 90.58 
Drinking Places 0.18 0.73 0.00 7.87 
Restaurants 1.20 3.73 0.00 36.76 
Other Amenities 0.10 0.66 0.00 8.31 
Hotels & Motels 0.07 0.52 0.00 7.83 
Retail & Stores 1.87 5.44 0.00 54.58 
Gas Stations 0.09 0.62 0.00 11.44 
Public Places 
Public Places Index 0.54 1.77 0.00 16.34 
Schools 0.44 1.53 0.00 16.34 
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Libraries 0.03 0.29 0.00 4.43 
Hospitals 0.02 0.33 0.00 7.96 
Recreational Spaces 0.05 0.47 0.00 9.72 
Local Guardianship 
Local Guardianship Index 1.45 3.05 0.00 21.23 
Police Stations 0.18 0.91 0.00 11.19 
Fire Stations 0.14 0.64 0.00 6.77 
Religious Organizations 1.10 2.45 0.00 16.74 
Civil Organizations 0.03 0.31 0.00 5.56 

Table 31 describes the socioeconomic context of the Suburban-Dover area. 

The average levels of concentrated disadvantage are above the Delaware averages as 

well as the Suburban-Wilmington area but below the two small cities. The levels of 

residential instability and economic inequality are below the Delaware average but 

above the Suburban-Wilmington estimations. The average percentage of Black 

residents is about the Delaware average and above the Suburban-Wilmington areas but 

only about half of the small city of Dover.  

Table 31: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Suburban-Dover. 

Suburban-Dover Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage .13 .53 -.98 1.45 

% Poverty 10.51 4.83 1.19 24.42 
% Public Assistance 2.77 2.09 0 10.41 
% Female Headed Households 15.46 8.26 2.88 33.65 
% Under 18 23.59 4.09 9.64 31.75 

 
Residential Instability -.22 .32 -1.20 2.99 

% Mobility 12.16 4.85 2.38 38.48 
% Vacant Units 7.83 3.78 0 19.75 

 
Economic Inequality .38 .04 .26 .51 
% Black 21.88 10.13 2.80 47.86 
Total Population 3116 1542 881 7341 
Other Controls 
Segment Length .14 .20 0 3.93 
Crime Lag 154 214 0 1675 
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Table 32 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models for the Suburban-Dover area. 

Higher exposure to crime generators is significantly associated with increased 

occurrences for property and drug crimes in Suburban-Dover (z-score comparisons 

shows that the predictor contributes significantly more heavily to property crimes, z-

score=2.00). In contrast to all other urbanized geographic areas, public places show no 

significant associations with any crime type. Higher levels of local guardianship 

reduce the risk of violent and property crimes for street segments in Suburban-Dover. 

Consistent with the previous areas, concentrated disadvantage is associated with all 

crime types (z-score comparisons for coefficients shows significant differences 

between drug and violent crimes, z=2.04) However, economic inequality as well as 

the percentage of Black residents in the surrounding areas, show no significant 

associations to any crime type. As in Suburban-Wilmington, higher population counts 

show negative associations with crime occurrences. The coefficients are significant for 

violent and drug crimes. Higher levels of crime in surrounding areas of street 

segments in Suburban-Dover are a significant predictor for violent and drug but not 

for property crimes. 

Table 32: Negative Binominal Regression Results for Suburban-Dover by Crime 
Types. 

Suburban-
Dover 

Violent Crimes Property Crimes Drug Crimes 
IRR LB UB IRR LB UB IRR LB UB 

Crime 
Generators 1.005 0.993 1.018 1.059*** 1.039 1.081 1.031** 1.013 1.049 

Public Places 1.056 0.997 1.119 1.051 0.972 1.137 1.041 0.957 1.131 

Local 
Guardianship 0.952** 0.924 0.981 0.915** 0.865 0.968 0.952 0.904 1.002 

Concentrated 
Disadvantage 1.355*** 1.146 1.603 1.870*** 1.356 2.578 1.888*** 1.440 2.477 
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Residential 
Instability 1.024 0.766 1.369 0.832 0.522 1.325 0.586** 0.417 0.825 

Economic 
Inequality 0.921 0.813 1.043 0.980 0.777 1.236 1.053 0.882 1.257 

% Black 
Population .996 .983 1.009 .989 .969 1.010 .989 .974 1.004 

Total 
Population .999** .999 .999 1.000 .999 1.000 .999* .999 .999 

Spatial Lag 1.002*** 1.001 1.003 1.001 1.000 1.002 1.002*** 1.001 1.003 

N 3,337 3,337 3,337 

5.2.5 Towns 

Table 33 provides an over of crime generators, public places, and local 

guardianship in Towns across Delaware. The levels, overall, show similarities to the 

suburban areas. The average exposure to crime generators lies at 5.53, slightly below 

the Delaware average. The public place index of .97 is also slightly below the 

Delaware average at 1.13. The local guardianship index (2.15) shows a level above the 

1.69 Delaware average, as well as Suburban-Wilmington, and Suburban Dover. 

Accordingly, the general pattern also shows lower exposure levels compared to the 

two small cities. 

Table 33: Descriptive Statistics of Micro-Place Opportunity Characteristics in Towns. 
Towns Mean SD Min Max 

Crime Generators 
Crime Generators Index 5.53 11.33 0.00 90.86 
Drinking Places 0.24 0.92 0.00 12.82 
Restaurants 2.06 5.24 0.00 56.11 
Other Amenities 0.02 0.21 0.00 5.02 
Hotels & Motels 0.12 0.71 0.00 9.48 
Retail & Stores 2.87 5.98 0.00 49.60 
Gas Stations 0.23 1.08 0.00 21.52 
Public Places 
Public Places Index 0.97 2.29 0.00 34.02 
Schools 0.50 1.68 0.00 34.02 
Libraries 0.17 0.73 0.00 10.36 
Hospitals 0.04 0.35 0.00 6.63 
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Recreational Spaces 0.27 1.34 0.00 22.55 
Local Guardianship 
Local Guardianship Index 2.15 4.17 0.00 30.31 
Police Stations 0.12 0.68 0.00 11.26 
Fire Stations 0.18 0.84 0.00 14.33 
Religious Organizations 1.68 3.47 0.00 28.04 
Civil Organizations 0.17 0.76 0.00 9.22 

Table 34 provides an overview of the overall socioeconomic situation in the 

Towns geographic areas. The pattern highlighted for opportunity characteristics is also 

present for the contextual factors. The levels of concentrated disadvantage, at 21, are 

above the Delaware average as well as the two suburban areas, but below the levels in 

the two small cities. Residential instability and economic inequality, similarly, is about 

the levels of the two suburban areas, with -.18 and .38, respectively. The average 

percentage of Black residents in the service areas was about 18.89. This is again at a 

comparable level to Delaware at large as well as the two suburban areas but below the 

cities of Wilmington and Dover. 

Table 34: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Towns. 

Towns Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage .21 .75 -.89 2.28 

% Poverty 13.19 7.97 1.74 38.49 
% Public Assistance 3.90 4.18 0 19.70 
% Female Headed Households 15.46 6.63 0 38.20 
% Under 18 24.69 6.31 5.60 37.90 

 
Residential Instability -.18 .55 -1.12 1.44 

% Mobility 12.29 6.53 .48 32.79 
% Vacant Units 9.87 5.81 0 31.06 

 
Economic Inequality .38 .05 .29 .48 
% Black 18.89 12.01 0 50.62 
Total Population 2434 1030 676 4922 
Other Controls 
Segment Length .13 .19 .01 2.57 
Crime Lag 223 261 0 2655 
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Table 35 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models for Towns across Delaware. 

Higher levels of exposure to crime generators is a significant predictor of higher crime 

counts across crime types (z-score comparisons show that crime generators are a more 

impactful predictor for property crimes compared to violent (z=5.20) and drug crimes 

(z=3.22)) and higher levels of guardianship are associated with significantly reduced 

offense counts across crime types (with no significant differences between types). 

Public place show, overall, a positive association for all crime types but only for 

violent crimes is the predictor significant. The socioeconomic pattern on the Towns 

geographic areas is unique. In contrast to all previous areas, concentrated disadvantage 

is only significant for property crimes but not for violent and property crimes. In 

contrast, higher levels of economic inequality are significantly associated with higher 

crime counts for all offense types (with no significant differences in the impact of the 

predictor across crime types). Residential instability also shows a contrasting pattern 

to all but the Suburban-Dover area. Higher levels of residential instability are 

associated with lower levels of crime for all offense types. While the total population 

shows no significant associations, a higher percentage of Black residents in the street 

segment service areas is associated with higher crime occurrences for violent and 

property crimes. Also, in contrast to previous areas, higher exposure to overall crimes 

in the surrounding is only a significant predictor for violent crimes but not for property 

and drug crimes in the Towns geographic area.  

Table 35: Negative Binominal Regression Results for Towns by Crime Types. 
Towns Violent Crimes Property Crimes Drug Crimes 

IRR LB UB IRR LB UB IRR LB UB 
Crime 
Generators 1.014*** 1.008 1.020 1.071*** 1.050 1.092 1.033*** 1.023 1.043 
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Public Places 1.053** 1.015 1.094 1.003 0.960 1.049 1.014 0.981 1.047 

Local 
Guardianship 0.963*** 0.948 0.979 0.897*** 0.857 0.938 0.966** 0.942 0.991 

Concentrated 
Disadvantage 1.106 0.998 1.227 1.455* 1.052 2.012 1.133 0.949 1.352 

Residential 
Instability 0.610*** 0.535 0.696 0.652* 0.446 0.953 0.720** 0.568 0.912 

Economic 
Inequality 1.824*** 1.631 2.040 2.438*** 1.859 3.199 2.004*** 1.670 2.404 

% Black 
Population 1.014*** 1.007 1.020 1.024* 1.006 1.043 .999 .986 1.012 

Total 
Population 1.000 .999 1.000 1.000 .999 1.000 1.000 .999 1.000 

Spatial Lag 1.000** 1.000 1.001 0.999 0.998 1.001 1.000 1.000 1.001 

N 5,564 5,564 5,564 

5.2.6 Touristic 

Table 36 provides an overview of the opportunity characteristics across street 

segments in Touristic areas. The average score of the Crime Generator Index at 13.35 

is twice as high as the Delaware average. In fact, it is the second-highest score in the 

state behind only the city of Wilmington (21.14) but exceeding the other small city 

(Dover at 9.52). The maximum value of 425.83 for at least one of the street segments 

highlights that the Touristic geographic areas harbor the street segments in the state 

with the highest exposure to crime generators. In contrast, public places (at an average 

index score of .54) and local guardianship (at 1.07) show levels below the Delaware 

averages (1.13 and 1.69 respectively) and far below the city of Wilmington (6.05 and 

6.54 respectively). This specific opportunity characteristics pattern is unique to 

Touristic areas. 
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Table 36: Descriptive Statistics of Micro-Place Opportunity Characteristics in 
Touristic Areas. 

Touristic Mean SD Min Max 
Crime Generators 
Crime Generators Index 13.35 36.52 0.00 425.83 
Drinking Places 0.34 1.24 0.00 14.48 
Restaurants 5.59 16.46 0.00 208.96 
Other Amenities 0.10 0.61 0.00 10.19 
Hotels & Motels 1.05 3.41 0.00 30.07 
Retail & Stores 6.01 17.24 0.00 188.58 
Gas Stations 0.26 0.94 0.00 13.67 
Public Places 
Public Places Index 0.54 1.97 0.00 28.37 
Schools 0.17 0.77 0.00 9.68 
Libraries 0.09 0.52 0.00 5.39 
Hospitals 0.05 0.50 0.00 12.43 
Recreational Spaces 0.23 1.43 0.00 28.37 
Local Guardianship 
Local Guardianship Index 1.07 2.63 0.00 22.02 
Police Stations 0.18 0.77 0.00 9.11 
Fire Stations 0.18 0.90 0.00 15.00 
Religious Organizations 0.55 1.61 0.00 17.34 
Civil Organizations 0.16 0.78 0.00 9.62 

Table 37 provides an overview of the socioeconomic characteristics of 

Touristic areas. Concentrated disadvantage is the lowest across the state at -.78, far 

exceeding the levels of comparative economic advantage in the Suburban-Wilmington 

(-.23) and Rural (-.22) geographic areas. In contrast, the levels of residential instability 

at 1.31, and economic inequality at .43 are the highest across the state. The average 

levels of economic inequality are similar to the city of Wilmington (.42) and Dover 

(.42). However, the average levels of residential instability (1.31) are far beyond the 

two Delaware cities (both at about .50). This pattern is driven by the extremely high 

levels of vacant housing units in Touristic areas with up to 98% of housing units 

counted as vacant. The average percentage of Black residents at 3.87 is about 1/5th of 

the Delaware average and about 1/3rd of the second-lowest geographic area. This 

socioeconomic pattern, again, is unique to touristic areas. 
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Table 37: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Touristic Areas. 

Touristic Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage -.78 .54 -1.65 1.14 

% Poverty 6.80 4.00 0 29.20 
% Public Assistance .70 1.17 0 8.92 
% Female Headed Households 6.5 5.5 0 23.32 
% Under 18 9.23 6.16 0 27.63 

 
Residential Instability 1.31 .84 -.75 3.87 

% Mobility 10.75 5.40 0 34.90 
% Vacant Units 57.75 21.38 10.68 97.58 

 
Economic Inequality .43 .05 .18 .59 
% Black 3.87 6.94 0 34.62 
Total Population 1055 682 29 2821 
Other Controls 
Segment length .11 .14 .01 2.3 
Crime Lag 112 151 0 879 

Table 38 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models for Touristic areas. Among the 

opportunity indicators, only crime generators are a significant predictor. Across 

offense types, higher levels of exposure to crime generators is associates with higher 

crime occurrences in micro-places (z-score comparisons show that, as in several 

previous areas, the predictor shows a stronger association with property crimes 

compared to violent (z=2.68) and drug crimes(z=2.32)). Considering the 

socioeconomic predictors, higher levels of concentrated disadvantage are associated 

with increased crime counts across offense types—in line with all previous areas 

besides the Towns geographic area. As in the Towns area, residential instability shows 

a negative association with crime across crime types. This association is significant for 

violent and property crimes. While economic inequality and the Black population in 

the service areas of street segments are not significantly associated with any crime 

type, higher population counts are significantly associated with a higher likelihood of 
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crime occurrences for violent and property crimes. Higher crime counts in surrounding 

areas are a significant predictor of violent and drug but not property crimes.  

Table 38: Negative Binominal Regression Results for Touristic Areas by Crime 
Types. 

Touristic Violent Crimes Property Crimes Drug Crimes 
IRR LB UB IRR LB UB IRR LB UB 

Crime 
Generators 1.008*** 1.004 1.012 1.020*** 1.012 1.028 1.009** 1.003 1.014 

Public Places 1.004 0.947 1.065 0.976 0.899 1.060 0.992 0.917 1.073 

Local 
Guardianship 0.972 0.928 1.017 0.931 0.847 1.024 0.976 0.907 1.051 

Concentrated 
Disadvantage 2.205*** 1.799 2.704 6.058*** 3.434 10.688 1.504* 1.014 2.231 

Residential 
Instability 0.725*** 0.625 0.842 0.769 0.520 1.139 0.699** 0.562 0.869 

Economic 
Inequality 0.920 0.829 1.022 1.036 0.793 1.355 1.118 0.922 1.356 

% Black 
Population 1.021 .999 1.043 1.020 .969 1.075 1.025 .999 1.052 

Total 
Population 1.001*** 1.001 1.001 1.002*** 1.002 1.003 1.000 .999 1.001 

Spatial Lag 1.002*** 1.001 1.003 0.999 0.998 1.000 1.001* 1.000 1.002 

N 3,883 3,883 3,883 

5.2.7 Rural 

Table 39 provides an overview of the opportunity characteristics across street 

segments in Rural areas. The average exposure to crime generators for street segments 

in Rural areas at 1.88 is far below the Delaware average of 6.74. And, it is the lowest 

among the geographic areas. Similarly, the public place index, as well as the local 

guardianship index, show the lowest average exposures for Rural street segments 

across geographic areas. While the ranges for crime generators are narrower compared 
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to all other geographic areas, some street segments in Rural areas show maximum 

values for public places and local guardianship beyond, for example, Suburban-

Wilmington. 

Table 39: Descriptive Statistics of Micro-Place Opportunity Characteristics in Rural 
Areas. 

Rural Mean SD Min Max 
Crime Generators 
Crime Generators Index 1.88 7.63 0.00 175.38 
Drinking Places 0.11 0.63 0.00 9.50 
Restaurants 0.64 2.68 0.00 59.57 
Other Amenities 0.02 0.26 0.00 6.99 
Hotels & Motels 0.01 0.28 0.00 14.69 
Retail & Stores 1.07 4.67 0.00 94.78 
Gas Stations 0.03 0.37 0.00 11.70 
Public Places 
Public Places Index 0.35 2.60 0.00 50.56 
Schools 0.09 0.63 0.00 13.90 
Libraries 0.06 0.52 0.00 18.82 
Hospitals 0.00 0.06 0.00 3.05 
Recreational Spaces 0.20 2.43 0.00 50.56 
Local Guardianship 
Local Guardianship Index 0.58 2.02 0.00 19.76 
Police Stations 0.09 0.54 0.00 7.28 
Fire Stations 0.11 0.64 0.00 10.24 
Religious Organizations 0.34 1.34 0.00 19.76 
Civil Organizations 0.04 0.38 0.00 10.48 

Table 40 provides an overview of the socioeconomic conditions in Rural areas. 

The average levels of concentrated disadvantage (-.11), residential instability (-.22), 

and economic inequality (.38) range below the Delaware averages. Indicating that 

street segments in Rural areas overall are situated in more socioeconomically 

advantaged areas. However, levels of concentrated disadvantage are higher than in 

Touristic, or the two suburban areas. Street segments in Rural areas have on average 

11.65% Black residents in their service areas, the second lowest across geographic 

areas. 
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Table 40: Descriptive Statistics of Micro-Place Socioeconomic Characteristics in 
Rural Areas. 

Rural Mean SD Min Max 
Socioeconomic 
Concentrated Disadvantage -.11 .53 -1.58 2.28 

% Poverty 11.64 8.58 0 38.49 
% Public Assistance 2.22 2.27 0 19.70 
% Female Headed Households 12.37 7.19 0 38.20 
% Under 18 21.65 6.18 0 37.90 

 
Residential Instability -.22 .69 -1.38 3.79 

% Mobility 9.81 5.58 0 39.49 
% Vacant Units 13.69 12.09 0 89.55 

 
Economic Inequality .38 .05 .25 .55 
% Black 11.65 9.04 0 62.97 
Total Population 1078 694 50 2987 
Other Controls 
Segment length .38 .44 .01 3.74 
Crime Lag 43.05 101 0 1104 

Table 41 displays estimates of all violent, possession, and drug offenses from 

spatially adjusted negative binomial regression models for Rural areas. Opportunity 

characteristics show no significant associations for violent and drug crimes in Rural 

areas. For property crimes, higher levels of exposure to crime generators are 

associated with higher crime occurrences in micro-places, while higher levels of local 

guardianship and public places are associated with lower crime counts. For drug 

crimes also none of the socioeconomic predictors shows significant associations, only 

a higher percentage of Black residents is associated with higher drug crime 

occurrences in Rural areas. Concentrated disadvantage shows a positive association 

for violent and property crimes (z-score comparisons show no significant differences 

across crime types). For property crimes, higher levels of residential instability are 

also associated with higher crime counts, while for violent crimes the Black 

population and the crime in surrounding areas show significant positive associations. 
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Table 41: Negative Binominal Regression Results for Rural Areas by Crime Types. 
Rural 

 
Violent Crimes Property Crimes Drug Crimes 

IRR LB UB IRR LB UB IRR LB UB 
Crime 
Generators 0.993 0.983 1.003 1.046*** 1.024 1.070 1.014 0.996 1.031 

Public Places 1.015 0.974 1.058 0.956* 0.917 0.996 0.996 0.955 1.039 

Local 
Guardianship 0.981 0.952 1.011 0.939* 0.882 1.000 1.033 0.975 1.094 

Concentrated 
Disadvantage 1.391*** 1.238 1.564 1.525*** 1.232 1.887 1.195 0.906 1.575 

Residential 
Instability 1.010 0.917 1.111 1.370** 1.132 1.659 1.259 0.967 1.639 

Economic 
Inequality 1.055 0.968 1.151 1.009 0.839 1.214 1.149 0.932 1.416 

% Black 
Population 1.010** 1.003 1.017 1.003 .990 1.016 1.033*** 1.019 1.047 

Total 
Population 1.000 .999 1.000 1.000 .999 1.000 1.000 .999 1.000 

Spatial Lag 1.001** 1.000 1.002 1.000 0.998 1.001 1.001 1.000 1.002 

N 7,387 7,387 7,387 

5.3 Comparing Criminogenic Concepts across Geographic Areas 

Table 43 displays an overview of the directions the effects for the different 

criminogenic predictors showed for each geographic area and by offense types. The 

directions as well as the significance levels that Table 43 shows are based on the 

spatially adjusted, negative binomial regression models presented in sections 5.2.1 to 

5.2.7. The table quickly shows that we have crime and areas specific and crime and 

area general pattern. For instance, crime generators, as well as concentrated 

disadvantage, are, overall, predictive of higher crime rates across geographic areas and 

crime types. For crime generators, this pattern is consistent across all seven 

geographic areas. Moreover, as z-score comparisons have shown, crime generators 

show stronger associations with property crimes compared to other crime types. In two 
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areas, the most urban (Wilmington) and the most rural (Rural), crime generators are 

only predictive of property crimes and not significantly associated with violent or drug 

crimes. Using z-score comparisons across areas shows no significant differences in the 

impact of the crime generator variable for property and drug crimes. The impact of 

crime generators on violent crimes is less pronounced for the city of Wilmington, 

Suburban-Wilmington, and Rural areas compared to Dover, Suburban-Dover, and 

Touristic areas. In the latter three areas, crime generators show a significantly stronger 

impact on violent crimes. Concentrated disadvantage, similarly, showed positive 

associations across crime types and geographic areas. In the Towns and the Rural 

geographic areas, the positive association is not significant for drug crimes. And, in 

Town areas concentrated disadvantage is also not significant for violent crimes. Z-

score comparisons for the impact of concentrated disadvantage across geographic 

areas show, as in the case of crime generators, no significant differences for property 

and drug crimes. However, for violent crimes, the city of Dover and Rural areas show 

higher impacts from concentrated disadvantage compared to almost all other areas.  

The other two opportunity indicators—the public place index and the local 

guardianship index—show less of an area general pattern. High exposure to public 

places is associated with positive impacts on crime occurrences for more urbanized 

areas (i.e. Wilmington, Suburban-Wilmington, Dover, Suburban-Dover) as well as the 

Towns area. However, this association is only significant for all crime types in 

Suburban-Wilmington. This is also the only area that public places are significantly 

associated with increased property crime occurrence. Three areas show significant 

positive associations for violent and drug crimes. In the two most rural areas, the 

traditional Rural areas and the Touristic area, public places show non-significant 
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positive associations with violent crimes and negative associations for property and 

drug crimes. However, only for property crimes in rural areas is this negative 

association significant. Higher levels of local guardianship are in six of seven 

geographic areas significantly associated with a lower likelihood of property crime 

occurrences. Only in Towns is high local guardianship significantly associated with 

lower drug crime counts, while in four of seven areas it significantly lowers violent 

crime risk.  

Among the socioeconomic indicators, besides concentrated disadvantage, 

several area and crime specific patterns emerged. Table 43 shows, for example, that 

residential instability shows both negative and positive significant associations, 

depending on the geographic areas. In Suburban-Wilmington and in Suburban-Dover 

as well as rural areas, I find significant positive associations. However, in Suburban-

Dover, Towns, as well as Touristic areas higher levels of residential instability are 

associated with lower crime occurrences. Economic inequality, similarly, provides 

significant positive and significant negative associations depending on the geographic 

area. Among the four more urbanized areas, the two small cities and their suburbs, 

higher levels of economic inequality are, overall, associated with lower crime rates, 

with significant associations for all but the Suburban-Dover area. The three more rural 

areas show positive associations which, however, are only significant for the Towns 

geographic area.  

Higher levels of percentages of Black residents in areas surrounding street 

segments show positive significant associations with violent crimes in five of seven 

geographic areas. In two geographic areas, Suburban-Dover and Touristic areas, the 

indicator shows no significant associations with any crime type. Overall, the indicator 
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might be more predictive of violent and drug crimes, compared to property crimes. 

The indicator controlling for population counts in surrounding areas shows also 

inconsistent results, increasing crime counts in Wilmington, Dover, and Touristic 

areas, while showing no impacts for Rural, Towns, and, for two of three crime types, 

in Suburban Wilmington. And, in Suburban-Dover higher population counts in 

surrounding areas are associated with reduced violent and drug crime counts. The 

spatial control variable shows significant associations across geographic areas. For all 

seven areas, higher crime occurrences in surrounding areas are associated with 

increased violent crime risk. The indicator is less predictive of property crimes. Here, 

it only shows significant positive associations for the three most urbanized areas. 
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Table 42: Comparison of Directions and Significance of Predictors by Geographic Areas and Crime Types. 
 Crime 

Type 
Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

Black 
Population 

Total 
Population 

Spatial 
Lag 

Wilmington 
Violent + +* + +***  -** +* +* +*** 
Property +*** - -* +* - + + + +*** 

Drug - +* - +** + -* +* +* +*** 

Suburban-
Wilmington 

Violent +*** +*** -** +*** +*** -*** +*** o +*** 
Property +*** +* -*** +** +** -* + - +* 

Drug +*** +** + +*** +*** -* +*** -* +*** 

Dover 
Violent +** + -* +*** - -* +** +* +*** 
Property +*** + -** +** + -** +** +* +* 

Drug +*** +** + +*** +*** -* + o +*** 

Suburban-
Dover 

Violent + + -** +*** + - - -** +*** 
Property +*** + -** +*** - - - - + 

Drug +** + - +*** -** + - -* +*** 

Towns 
Violent +*** +** -*** + -*** +*** +** o +** 
Property +*** + -*** +* -* +*** +* o - 

Drug +*** + -** + -** +*** - o o 

Touristic 
Violent +*** + - +*** -*** - + +*** +*** 
Property +*** - - +*** - + + +*** - 

Drug +** - - +* -** + + o +* 

Rural 
Violent - + - +*** + + +** o +** 
Property +*** -* -* +*** +** + + o + 

Drug + - + + + + +*** o + 
Notes: +/- indicate that higher levels of the indicator are associated with higher or lower crime levels (e.g. a – for Local Guardianship indicates that higher levels of 
Local Guardianship are associated with lower crime counts), o indicates a ratio of 1 and neither positive nor negative associations. 
* indicates whether the effect was significant *<.05, **<.01, ***<.001. 
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5.4 Discussion 

5.4.1 Chapter Motivation 

Theories of crime in micro-places have increasingly advocated for theoretical 

integration (Weisburd & Eck, 2017). Studies have begun to advance more 

comprehensive concepts that integrate opportunity and socioeconomic theories of 

crime (see chapter 2.3.2). The main argument why we need a more in-depth 

understanding of the criminogenic factors in micro-places is that current hot spots 

policing approaches often turn out to be less effective as they could be or we hope 

they could be if more targeted interventions would have been advanced (Braga et al., 

2019). Previous studies found support for the assumption that opportunity and 

socioeconomic characteristics predict crime in micro-places (see section 2.3.2). 

However, we do not know yet whether the same criminogenic concepts are predictive 

of crime in micro-places across geographic areas. Concepts such as absolute 

deprivation theory or social disorganization theory were developed for urban areas and 

might work differently in non-urban areas (Donnermeyer & DeKeseredy, 2013). For 

example, levels of concentrated disadvantage, an indicator claimed by both absolute 

deprivation as well as social disorganization theories, are higher in urban areas but 

only very rarely reach the same levels in non-urban areas. Can we still expect this 

indicator to be predictive of high-crime micro-places in non-urban areas? An 

alternative concept that has, so far, not received much attention in crime in micro-

place research is relative deprivation theory. This theory predicts that not absolute 

disadvantage but relative disadvantage (e.g. to peers or neighbors) will lead to 

deviance and crime (see section 2.3.2). This concept might be more appropriate for 

non-urban areas with overall lower levels of concentrated disadvantage and it might be 
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important to include and assess this concept, especially, when we study non-urban 

areas.  

Overall, this chapter addressed the important open empirical question of whether 

the same criminogenic concepts predict crime across geographic areas, and it 

introduced a new concept into crime in micro-place research. The chapter compiled a 

comprehensive criminogenic model that included previously used predictors from 

opportunity theories, social disorganization theory, as well as absolute deprivation 

theory and added a measure of economic inequality to operationalize relative 

deprivation theory. This comprehensive framework was then tested using spatially 

adjusted, negative binomial regression models across geographic areas. 

5.4.2 Major Findings and Contributions 

The chapter set out to answer the research question of whether the same 

criminogenic concepts predict crime in micro-places across geographic areas. Results 

from the regression models provide several core findings that inform the literature on 

crime and micro-places. The first major finding of the study is that at least one 

opportunity and one socioeconomic indicator predict crimes across crime types and 

geographic areas (1). This finding provides preliminary support for the overall 

appropriateness of the most popular criminogenic concepts for studies on crime in 

micro-places in non-urban areas. The study also introduced a measure of relative 

deprivation theory into the study of crime in micro-places which showed some 

unexpected results (2). The measure works against the expected direction in urban 

areas but appears more appropriate for more rural areas. And finally (3), the study also 

highlights variations within urban and rural areas that underscore the need for nuanced 

geographic typologies instead of cruder rural-urban distinctions. 
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1. Most importantly, the chapter confirms that both opportunity and 

socioeconomic indicators help to predict crimes across geographic areas. Above all, 

crime generators and concentrated disadvantage showed significant associations 

across crime types and geographic areas. Especially, crime generators showed 

significant associations with property crimes across all areas. This finding underscores 

the core assumption of opportunity theories that suitable targets are a base condition 

for crimes to occur and its importance to predict property crime locations (see chapter 

2.2.1). The study found no significant differences across geographic areas in the 

relative impact of crime generators on property crimes which, moreover, underscores 

the universal applicability of the concept beyond traditionally studied urban areas. 

While, for example, rural areas have significantly lower counts of crime generators, 

they are as predictive of where property crimes occur in Rural areas as they are in 

more urban areas and with similar effect sizes. Crime generators were predictive of 

drug and violent crimes in most areas as well. Concentrated disadvantage, similarly, 

was found to be a universally applicable concept—across crime types and geographic 

areas.28  

 
 
28 As a concept, concentrated disadvantage is associated with social disorganization as 
well as absolute deprivation theories. While social disorganization theory was 
developed for urban areas and builds on empirical findings from urban areas (see 
section 2.1), absolute deprivation theory is based on a rational choice model of human 
action and would predict associations across geographic areas. The inconsistent 
applicability of residential instability, another core measure of social disorganization 
theory, might indicate that either the variables used to construct the measures need to 
be adjusted for non-urban areas or that social disorganization theory is, in fact, a more 
appropriate concept for crime in urban areas. One of the key variables used to 
construct the residential instability measure was vacant housing units. In, for example, 
touristic oriented rural areas, vacant housing units have a different purpose than in 
urban areas which could have impacted directions and significance of the measure. 
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Overall, this finding, in combination with the results from Chapter 4.3 which 

showed crime concentration across areas, supports the assumption that current 

successful hot spots policing practices in urban areas might be transferable to less 

urbanized areas. If crime concentrations exist across areas and opportunity and 

socioeconomic characteristics predict hot spots than the same strategies might be 

successful to curtail them. This would be a surprising finding that conflicts with 

current assumptions about differences in urban-rural crime and policing (Donnermeyer 

& DeKeseredy, 2013; Thurman & McGarrell, 2015). Current assumptions about 

urban-rural differences, based on large scale studies, suggest that for example 

economic deprivation is less of a factor impacting crime in rural areas (Wells & 

Weisheit, 2004), and, accordingly, crime prevention strategies that focus on social 

instead of economic factors are more effective (Thurman & McGarrell, 2015).  

Further caution against interpreting the results as direct support for absolute 

deprivation or social disorganization theory in non-urban areas is warranted due to the 

overall lower levels of concentrated disadvantage and crime generators in less 

urbanized areas.29 Suburban areas, as well as most types of rural areas, show levels of 

concentrated disadvantage far below the two small cities and, in fact, below the 

Delaware average.30 The analysis in this chapter only provided us with information on 

whether the levels of crime generators or concentrated disadvantage are predictive of 

 
 
Future research might need to experiment with differing measures of residential 
instability and test their applicability for non-urban areas. 

29 Apart from crime generators in Touristic areas. 

30 Towns, a type of rural area, had shown the third highest overall levels of 
concentrated disadvantage, below only the two small cities. 
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high crime micro-places in areas relative to other micro-places within the same areas. 

Accordingly, subsequent analysis (see Chapter 6) needs to assess whether levels of 

concentrated disadvantage in high-crime micro-places are similar across geographic 

areas. Only if the levels were similar the results of this chapter could be interpreted as 

support for absolute deprivation. If the levels of concentrated disadvantage and crime 

generators in high-crime micro-places differ across geographic areas this might, in 

contrast, provide indirect support for theories of relative deprivation. Thus, while the 

analysis in this chapter finds that common theories of place and crime, overall, are 

effective predictors for crime in micro-places for non-urban areas, the analysis cannot 

conclude whether these significant associations underscore theories of absolute or 

relative deprivation. 

2. However, the study also used a direct measure of relative deprivation theory 

which provided inconclusive results. Economic inequality, a core indicator of relative 

deprivation theory, showed for three of the four small city or suburban areas and 

across crime types significant associations against the expected direction of the 

relationship. The assumption that higher levels of economic inequality are associated 

with higher crime rates, by producing more motivated offenders (see chapter 2.2.2), 

only held for non-urban areas. Moreover, these associations were only significant for 

Towns but not Touristic and Rural areas. One possible interpretation for this pattern is 

that micro-places in urban areas that show high-levels of concentrated disadvantage 

have very few households in their service areas that have higher levels of income and 

accordingly these highly disadvantaged areas have lower levels of economic 

inequality within them (e.g. equality on poverty levels). This interpretation would 

correspond to theories that focus on the isolation of disadvantaged neighborhoods in 
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urban areas (Krivo & Peterson, 1996; Sampson & Wilson, 1995; Wilson, 2012). In 

contrast, the picture in rural areas is less clear with some studies suggesting lower, 

overall, levels of economic segregation in more rural areas but others highlighting also 

persistent pockets of deep and isolated poverty (Burton, Lichter, Baker, & Eason, 

2013; Lichter, Parisi, & Taquino, 2012). Overall, relative deprivation might be more 

important for studies on crime in non-urban areas. However, while this tendency 

appears in the data, only one rural area type shows significant associations between 

higher levels of economic inequality and crime in micro-places. Only in the Towns 

geographic area was economic inequality predictive of crime. Interestingly, this was 

the one area in which concentrated disadvantage was only significant for property 

crimes but no other crime type. Accordingly, in more urbanized areas the micro-places 

with high crime risk are not associated with economic inequality compared to other 

micro-places but with concentrated disadvantage. In the Towns geographic area, we 

have the opposite pattern. This finding provides some support for the inclusion of 

measures of economic inequality in future studies on crime in micro-places, 

specifically when studying non-urban areas. Whether the strong association between 

economic inequality and Towns is specific to Delaware or is also reflected in Towns 

across other US states is an interesting question for future research that could lead to 

targeted interventions addressing economic inequality in Towns. 

3. The previous chapter had overall found support for the assumption that crime 

is more concentrated in less urbanized areas, but it also highlighted differences 

between the two small cities in the study as well as the non-linearity of the relation 

between rurality and crime concentration (e.g. the most rural area had lower levels of 

crime concentrations compared to other rural areas). While, as stated, two of the 
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predictors appear, overall, applicable across areas and crime types, there is substantial 

variation in the cooccurrences or patterns of significant predictors as well. For 

example, none of the models for the two small cities aligned perfectly. For each crime 

type, we find variations in the directions as well as significances of associations for 

some predictors. A question that follows is whether these patterns would impact the 

development of crime prevention strategies and whether this finding implies that for 

the two small cities differing interventions are needed. In Dover, for example, crime 

generators are significantly associated with drug and violent crimes which they are not 

in the city of Wilmington. Therefore, we might expect intervention strategies that 

focus on targeting place management to be more successful in drug and violent crime 

hot spots in Dover than they would be in Wilmington. Similarly, the unique patterns 

found within rural areas, such as in the Towns area discusses above, call into question 

that we can apply unified crime prevention approaches for micro-places across all 

rural areas. This finding of differences within, for example, rural areas are also in line 

with current assumptions about policing practices that see differing challenges for 

Towns compared to other rural areas (Thurman & McGarrell, 2015). The variations 

found within more rural and more urban areas regarding crime concentrations as well 

as criminogenic concepts also underscore the use of an area classification approach 

over a street segment length focus. This finding of within differences of criminogenic 

patterns has, therewith, important implications: an area-based classification approach 

to rural and urban areas, as undertaken in this study, appears highly appropriate to 

identify differences within, overall, more urban and more rural geographies in regards 

to crime concentrations as well as criminogenic predictors. More fine-grained 
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classifications of rural and urban areas might, accordingly, allow for a better 

assessment of what crime prevention strategies might be successful. 

Overall, this chapter addressed the research question of whether the same 

concepts predict crime across geographic areas. The analysis finds overall support for 

the applicability of some current criminogenic concepts beyond urban areas. However, 

the analysis also shows that the inclusion of additional indicators, such as economic 

inequality, and a more in-depth analysis of patterns within overall more rural and more 

urban geographic areas might be needed to provide descriptions of high-crime areas 

and their characteristics for crime prevention approaches. The following chapter 

provides an alternative view on this issue and extends the here conducted analysis. 

This chapter, finally, also showed the importance of identifying specific geographic 

area types instead of analyses by simple urban-rural divisions or a focus on street 

segment length. The differing pattern of criminogenic contexts within types of rural 

and urban areas provides support for the geographic approach this study took. 
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Chapter 6 

BEYOND URBAN AREAS: HOT SPOT PROFILES 

The previous two empirical chapters of this dissertation addressed the 

questions of whether crime is similarly spatially concentrated across geographic areas 

and whether the same criminogenic concepts predict high-crime street segments across 

geographic area types. This chapter provides an alternative perspective on both 

research questions. This chapter uses group-based multi-trajectory modeling to 

identify latent groups of street segments that show similar levels of crime 

concentration and trajectories over the study period (2010-2017). However, in contrast 

to the approach taken in Chapter 4, this analysis approach allows assessing combined 

concentrations of violent, property, and drug crimes. This analysis approach, therefore, 

allows addressing the question of crime composition in micro-places that had been 

identified as one of the gaps in prior research (see section 2.3.1). Additionally, while 

the previous regression models assessed comprehensive conceptualizations of crime in 

micro-places, they were still missing indicators for offender characteristics which, 

however, might be relevant to in-depth descriptions of hot spots (see chapter 2.2.3, 

specifically Figure 5). In this chapter, I use group-based multi-trajectory modeling and 

analysis of variance to provide in-depth profiles of crime composition, crime 

concentration, and development, as well as the associated criminogenic factors across 

geographic areas. This approach extends prior research on crime in micro-places, that 

had used group-based single-trajectory models, to multiple crime outcomes and it 

provides the first trajectory analysis for crime in micro-places in non-urban areas. One 

expectation of this study is that the complex but intuitive descriptions of crime 

concentrations and associated criminogenic factors which multi-trajectory models 
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provide might allow developing more detailed and in-depth profiles of hot spots 

which, in turn, might be useful for holistic crime prevention approaches and ease 

communication between police and community stakeholders about the crime problems 

in specific hot spots (see Chapter 7). 

6.1 Analytical Strategy  

The most popular analysis approach in crime in micro-place research are 

group-based trajectory models (Weisburd et al., 2012). Criminogenic concepts suggest 

that micro-places with the same opportunity or socioeconomic characteristics should 

show similar crime rates and trends. Therefore, the identification of groups of street 

segments that have similar crime counts and similar trajectories is an ideal analysis 

approach (Levin, 2018). Multinomial-types of analysis of longitudinal data, such as 

group-based trajectory models, are optimal for analyses that aim at identifying distinct 

subpopulation with differing trends and characteristics (Nagin & Odgers, 2010; Nagin, 

2005, 2014). This approach of identifying high-crime groups of street segments also 

offers additional, complementary insights on crime concentrations to the Gini based 

estimation approaches (see Chapter 4). 

Computationally, group-based trajectory models are an example of finite 

mixture models and maximum likelihood is used for the estimation of model 

parameters. Group-based trajectory modeling is easily accessible using Stata’s “traj” 

command, a plugin created by Bobby Jones and Daniel Nagin (Jones & Nagin, 2013). 

The main parameters the models take into account are the distribution family of the 

outcome variable, the polynomial order for each group, and the number of trajectory 

groups the models should identify. For count-based outcomes the basic model takes 

the form: 
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Log(λ)= β0 + β1 (Year) + … + βk (Year)k 

for any given trajectory group (1 through j). Here, the natural log of the count 

parameter λ is modeled as a function of the polynomial order k, the year or time more 

general, and the regression coefficients β0, β1, …, βk. The parameters need to show 

significant variation between groups to allow the establishment of well-distinguished 

groups (Nagin, 2005). In this study, outcomes are modeled using the option for the 

Zero Inflated Poison distribution. Time is measured in years from 2010 to 2017. Since 

it is very rare for a trajectory to vary beyond cubic terms (Nagin, 2005) and to allow 

for a feasible number of model refinements, all polynomials were modeled as cubic 

terms.31 However, since previous studies have established that some street segments 

show no crimes, the model allowed to define one of the groups by stable absences of 

crimes.  

The models identify latent groups of street segments who follow similar 

outcome trajectories, producing three important pieces of information: the number of 

groups that best describe the data; a description of the average trajectories for each 

group; and, an estimate of the probability that a street segment belongs to a specific 

trajectory group (Nagin, 2005). I used the Bayesian Information Criterion (BIC) as the 

main criterion for model selection (values closer to zero indicate better model fit and 

differences of 10 or more are seen as significant improvements) (Nagin, 2005). 

 
 
31 Since the process to decide on a final model is guided by the Bayesian Information 
Criterion (BIC) refinement of polynomials can further enhance model fits – however, 
since this study focuses on identifying trajectory models for seven different 
geographic areas and three different crime types, the refinement of polynomial orders 
was not considered feasible. Moreover, some of the trajectory models require 
refinements of the starting matrices which is also a time intense process. 
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However, as suggested by Nagin (2005), I also based decisions about group numbers 

and trajectory shapes on other important criteria: an average posterior probability of 

assignment (APPA) values of >0.7 for each group; and odds of correct classification 

(OCC) of above >5 for each group (Klijn, Weijenberg, Lemmens, Van Den Brandt, & 

Lima Passos, 2017). If one of the thresholds was reached or the models were no longer 

able to distinguish between groups, the refinement process was stopped. Models were 

established for each geographic area and crime type (see Appendix C). Overall, group-

based trajectory models allow identifying groups with high-crime counts and their 

trajectories over time. 

Group-based multi-trajectory modeling is a generalization of group-based 

trajectory modeling that allows to group street segments by trajectories of multiple 

outcome variables (Burckhardt, Nagin, Priya, Vijayasarathy, & Padman, 2018; Nagin 

et al., 2018). This approach identifies trajectory groups by their combination of 

different crime types and it, thus, allows to integrate research on crime compositions 

in micro-places into the trajectory modeling approach. I used the information from the 

group-based trajectory-models for the differing crime types and geographic areas as 

the base information (see Appendix C). For example, if a geographic area had an 

eight-group solution for violent, and property crimes, but a ten-group solution for drug 

crimes as the best fitting model, the group-based multi-trajectory model was estimated 

with ten-groups. Again, polynomials were identified by one group with crime absence 

for all crime types and years, and cubic terms for all other groups. I decided against 

further refinement of these models since most of the final group-based trajectory 

models already identified groups with low membership counts and refining these by 
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crime combinations tend to lower group membership counts even further.32 Overall, 

the model fit was, again, evaluated using the average posterior probabilities and odds 

of correct classification. 

Associations between trajectory models and criminogenic concepts are 

established using analysis of variance. After the trajectory models are established it is 

custom to draw out latent class or group profiles (Klijn et al., 2017). Using an analysis 

of variance approach (ANOVA), I compare associations between criminogenic 

concepts and the multi-trajectory groups for each geographic area. Since the omnibus 

ANOVA does not provide information about which groups are significantly different 

from one another, I use the Honestly Significant Difference (HSD) test to compare 

groups (Abdi & Williams, 2010). Stata was used for this analysis.  

6.2 Results 

6.2.1 Model-Fit 

Table 43 provides an overview of the modeling process and the model-fit 

assessment for the multi-trajectory models for each geographic area. After group-

based trajectory models were established for each crime type and geographic area (see 

Appendix C) the information about group numbers was used to build multi-trajectory 

models. Models for all areas show overall good to very good model fit. The model for 

the Wilmington geographic area, which shows the lowest APPA of .85, is still well 

above the .7 cutoff for acceptable model fit. Similarly, the lowest OCC of 18.11 for 

 
 
32 For example, a high-crime group for drug crimes could be further split up since 
group members have slightly differing counts and trajectories for violent and property 
crimes.  
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the city of Dover is also still well above the threshold for an acceptable model fit 

(OCC>5). Further refinement of models might have further improved model fit but, as 

outlined in section 6.1, the number of cases in the smallest trajectory group (see Table 

43) was already rather small, ranging from just .27% of street segments to .99% of 

street segments. A further refinement would make group comparisons even more 

difficult. 
 
Table 43: Model-Fit Assessment of Group-Based Multi-Trajectory Models by 
Geographic Areas 

Violent, Property, and 
Drug Crimes 

K-classes - 
Polynomial Order 

Lowest 
Average 
Posterior 

Probabilities 

Lowest Odds of 
Correct 

Classification 

N (%) 
 Smallest 

Class 

Wilmington -1 3 3 3 3 3 3 3 3 3 .85 24.75 11 (.28) 
Suburban-Wilmington -1 3 3 3 3 3 3 3 3 .91 25.14 76 (.42) 
Dover -1 3 3 3 3 3 3 3 3 .93 18.11 19 (.87) 
Suburban-Dover -1 3 3 3 3 3 3 3 .91 39.26 33 (.99) 
Small Towns -1 3 3 3 3 3 3 3 3 .92 37.28 15 (.27) 
Touristic -1 3 3 3 3 3 3 .94 33.83 17 (.88) 
Rural -1 3 3 3 3 3 3 3 .94 54.14 36 (.49) 

Notes: average posterior probabilities above.7 indicate good model-fit; lowest odds of correct classification above 5 
indicate good model-fit. 

6.2.2 Wilmington – Small City in a Metro Area 

Figure 16 provides a graphical overview of the multi-trajectory model for the 

city of Wilmington. Group one identifies a group without crime occurrences across 

years and crime types and accounts for 28.2% of all street segments in Wilmington. 

Group two and group three identify groups with very low crime counts across crime 

types and mainly stable trajectories, these two groups account for an additional 34.7% 

of street segments in Wilmington. Groups four to seven identify groups with low to 

medium crime trajectories with differences for specific crime types. Group six, for 

example, which accounts for about 7% of street segments, is defined by medium-level 

crime rates (i.e. below three standard deviations above the mean for the respective 
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crime type for the majority of years) for drug and violent crimes with declining 

trajectories. Group eight, in contrast, also shows medium levels of violent crime but a 

stable trajectory over the study period. Groups nice and ten identify high-crime 

trajectory groups. Group nine, which accounts for 1.8% of all street segments, is 

characterized by a high but declining violent crime count and a very-high declining 

drug crime trajectory. Property crimes, in contrast, remain at a medium level, at all 

times. Group ten, the smallest group capturing just .3% of street segments, identifies a 

group that, as group nine, shows high levels of violence, however, with a stable 

trajectory. The group is also defined by a very high and increasing property crime 

trajectory. It is, in fact, the only group with high levels of property crime. The starting 

point for drug crimes in this group is lower as in group-eight but the trajectory is 

declining, as it was in group eight. 

Table 44 provides a comparison of criminogenic indicators across trajectory 

groups. The low-crime groups, group 1-3, are characterized by low levels of 

concentrated disadvantage as well as residential instability. Exposure to crime 

generators is also low while local guardianship is on comparable levels to all other 

groups, except for one of the high-crime groups (group nine). Focusing on the high-

crime groups nine and ten, I find a quite differing pattern for these two groups. Group 

nine, which showed high violent and drug crime occurrences, describes the most 

socioeconomically disadvantaged trajectory group, with significantly increased levels 

of concentrated disadvantage and residential instability. Additionally, the group has 

the highest levels of local guardianship as well as Black residents. Street segments in 

this trajectory group also have the highest exposure to crimes in adjacent street 

segments of all groups. Overall, this group seems to identify street segments that 
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correspond to previous studies that found higher crime occurrences in disadvantaged 

African American communities in the US (Duck, 2015), specifically for violent and 

drug crimes. However, group six shows comparable exposure to socioeconomic 

disadvantage as group nine but levels of violent and drug crimes are well below group 

nine. The only significant difference between the groups can be found in the travel 

distance of drug offenders. The longer travel distance for drug offenders in group nine 

might indicate that these street-segments harbor open-air drug markets that attract 

outsiders (Curtis, Wendel, & Jay, 2000). Prior research has also shown that longer 

travel distance to drug markets are associated with increased risks of violence 

(Johnson, 2016). The differences between groups six and nine might accordingly lie in 

the offender composition. Accordingly, while these two groups show similar 

socioeconomic and opportunity pattern, we might suggest differing crime prevention 

mechanisms based on the offender composition.  

The other high-crime group, group ten, is characterized by the highest levels of 

exposure to crime generators, and high levels of public places. However, levels of 

local guardianship are the lowest across trajectory groups, as is concentrated 

disadvantage. The street segments in this trajectory group appear to describe street 

segments in commercial districts or restaurant and bar areas in Wilmington. Similarly, 

to the regression analysis which showed that crime generators were especially 

important for property crimes, this trajectory group identifies the only high-crime 

areas for property crimes. Again, another group, group eight, identifies street segments 

with comparable opportunity and socioeconomic characteristics (only concentrated 

disadvantage is higher in group eight) but lower crime rates. The only significant 

differences between the two groups are further travel distances for violent and 
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property crimes in the high-crime groups as well as significantly higher levels of 

population in the surrounding areas in group ten. Accordingly, group ten might 

identify a more popular shopping or entertainment area compared to group eight. 

Another possible difference might lie in the composition of the opportunity variables 

that make up the composite measures for the two areas. Specific compositions of 

crime generators might be important to understand the differences between the two 

groups and develop targeted interventions for group ten. The significant different 

travel distances might support this assumption as well. 

The group-based multi-trajectory models also show that in Wilmington two 

distinct types of violent crime hot spots exist. Violent crime hot spots in 

socioeconomically disadvantaged areas and violent crime hot spots in areas with 

socioeconomic affluence but higher levels of crime generators. Accordingly, these two 

types of violent crime hot spots might require differing policing approaches to target 

specific criminogenic factors. One intervention approach for all violent crime hot 

spots in Wilmington might not be most effective. These insights also show the relative 

importance of the profiling approach over the regression-based approach. Not only 

does the trajectory model approach allow to address crime composition and offender 

composition in addition to opportunity and socioeconomic characteristics, but the 

approach also shows that the previously (see section 6.3) identified pattern, of 

associations between concentrated disadvantage and violent crime, only tells half the 

story about violent crime hot spots. Overall, the analysis of crime hot spots in 

Wilmington using multi-trajectory modeling shows the advantages of the latent 

profiling approach to draw out complex, in-depth descriptions of crime hot spots. The 

results, however, also show that an even more in-depth picture might be achieved by 
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including disaggregated measures for opportunity characteristics, specifically, crime 

generators. 
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Figure 16: Group-Based Multi-Trajectory Model for the City of Wilmington.
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Table 44: Comparison of Criminogenic Indicators across Trajectory Groups for the City of Wilmington. 
Wilmington Crime 

Gen. 
Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Populatio

n 

Total 
Populatio

n 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS 
P:NS 
D:NS 

18.32 
8,10 

5.92 
 

5.64 
9 

.56 
5,6,9 

.43 
6,9 

.11 
 

48.89 
5,6,9 

984.56 
10 ---- ---- ---- 1027.95 

4-6,8,9 

2 
V:LS 
P:VLS 
D:LS 

19.34 
8,10 

5.90 
 

5.91 
9 

.68 
5,6,9 

.44 
6,9 

-.06 
 

50.48 
5,6,9 

1002.66 
10 

13.39 
4-9 

17.18 
4,6-10 

18.36 
4-6,8-10 

1041.82 
4-6,8,9 

3 
V:LS 
P:LS 
D:VLS 

23.11 
 

6.60 
 

6.54 
 

.47 
4,5,6,9 

.41 
6,8,9 

.05 
 

45.75 
4-6,9 

1022.00 
10 

12.41 
4-9 

13.99 
4,6-9 

18.93 
4-6,8-10 

1026.22 
4,5,8,9 

4 
V:MD 
P:LS 
D:LS 

22.42 
10 

5.62 
 

6.77 
 

1.15 
3,6,9,10 

.64 
 

-.18 
 

63.04 
3,10 

1024.54 
10 

5.64 
2,3,10 

10.15 
2,3,5,8 

15.06 
2,3,5,6,8-10 

1652.87 
1-3,6,7,9,10 

5 
V:MS 
P:VLS 
D:MD 

20.00 
8,10 

6.24 
 

8.29 
 

1.53 
1,2,3,7,9,10 

.78 
 

-.03 
 

67.14 
1-3,7,10 

986.55 
10 

6.30 
2,3,10 

13.98 
4,6-9 

9.34 
2-4,7 

1798.67 
1-3,6,7,9,10 

6 
V:MD 
P:LS 
D:MD 

20.19 
8,10 

5.41 
 

8.15 
 

1.86 
1,2,3,4,7,8,10 

.84 
1-3 

-.10 
 

70.38 
1-3,7,10 

982.89 
10 

6.33 
2,3,10 

7.68 
2,3,5,10 

6.55 
2-4,7-10 

2473.04 
1,2,4,5,7,8,10 

7 
V:LS 
P:LI 
D:LS 

27.89 
 

6.20 
 

6.57 
 

.55 
5,6,9 

.49 
9 

-.01 
 

51.27 
5,6,9 

1038.94 
10 

8.81 
2,.3 

8.02 
2,3,5,10 

16.89 
5,6,8-10 

1034.73 
4-6,8,9 

8 
V:MS 
P:MI 
D:MS 

39.41 
1,2,5,6,9 

7.31 
 

7.75 
 

1.09 
6,9,10 

.80 
3 

.03 
 

57.00 
 

1024.04 
10 

6.90 
2,3,10 

6.59 
2,5,10 

12.05 
2-4,6,7 

1758.55 
1-3,6,7,9,10 

9 
V:HD 
P:MS 
D:VHD 

16.56 
8,10 

6.61 
 

9.39 
1,2,10 

2.22 
1-5,7,8,10 

.96 
1-,3,7 

-.12 
 

70.11 
1-3,5,7,10 

997.23 
10 

7.31 
2,3,10 

7.74 
2,3,5,10 

10.07 
2-4,6,7 

2963.00 
1-5,7,8,10 

10 
V:HS 
P:VHI 
D:HS 

41.30 
1,2,4,5,6,9 

7.13 
 

5.42 
9 

.30 
4-6,8,9 

.73 
 

.10 
 

43.70 
4-6,9 

1178.15 
1-9 

11.56 
4-6,8,9 

11.76 
2,6-9 

11.84 
2-4,6,7 

1027.82 
4-6,8,9 
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6.2.3 Suburban-Wilmington– Suburban Area of a Small City in a Metro Area 

Figure 17 displays the nine group multi-trajectory model solution for violent, 

property, and drug crimes in Suburban Wilmington. The graphic shows that groups 

one to four describe street segments with very low or low counts for all crimes and 

mostly stable trajectories. These four groups account for 87.5% of all street segments 

in Suburban-Wilmington. Group five and six describe street segments with medium 

crime levels for some crimes and low trajectories for others. Group seven describes a 

small group, 2.5% of all street segments, which are characterized by low stable 

trajectories for violent and drug crimes but a trajectory for property crimes which was 

high in 2010 but declined rapidly and showed low stable levels for most of the years. 

Group eight and nine describe high-crime groups. Group eight shows very high levels 

of violent and drug crimes while showing stable medium levels for property crimes. 

Violent crimes in group eight have been constantly declining over the study period 

while drug crimes increased up until 2014 and subsequently declined to the 2010 

levels, still the highest drug crime levels of all groups. Group nine shows high 

declining counts for violent and drug crimes and very high increasing property crime 

levels. 

Table 45 displays the latent profiles of the nine trajectory groups based on 

opportunity and socioeconomic street segment characteristics as well as by domestic 

and import offender composition. The no-crime and low-crime groups are 

characterized by relative socioeconomic affluence and low levels of exposure to crime 

generators and public places. The pattern displayed by the two high-crime groups, 

groups eight and nine, appears to conform with the pattern found in the city of 

Wilmington. Group nine, with high levels for violent and drug crimes and very high 
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levels of property crimes, shows the highest level of exposure to crime generators at 

41.79. This value is almost triple what the second-highest group shows and at the 

same level as the group with the highest property crime counts in the city of 

Wilmington. Similarly, exposure to public places exceeds all but the other high crime 

group, while the levels of local guardianship are on the same levels as for the low-

crime groups and significantly below the other high crime group. Socioeconomically, 

group nine shows levels below the Delaware average but above the low-crime groups. 

For example, the level of concentrated disadvantage at -.18 on average is significantly 

above several of the low-crime groups but below the Delaware average as well as 

significantly below the values of the other high-crime group.33 Group nine is also 

significantly different in so far that the offenders for property crimes in these street 

segments travel further compared to offenders in all other groups. Supporting the 

assumptions made for the city of Wilmington that this group identifies retail and 

entertainment districts that attract people from further away areas. Group eight shows 

a pattern of socioeconomic disadvantage with significantly higher levels of 

concentrated disadvantage, residential instability, and, especially, economic inequality 

compared to the other Suburban-Wilmington areas. The area is also characterized by 

the highest levels of Black or African American residents as well as higher levels of 

local guardianship. This pattern, again, corresponds to the one found for the city of 

Wilmington. 
  

 
 
33 Just to restate, comparing groups with low memberships provides only limited 
power to detect significant differences. Non-significant differences are also an 
important aspect of the, overall, profiles. 
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Figure 17: Group-Based Multi-Trajectory Model for Suburban-Wilmington.
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Table 45: Comparison of Criminogenic Indicators across Trajectory Groups for Suburban-Wilmington. 

Suburban-
Wilmington 

Crime 
Gen. 

Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Population 

Total 
Population 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS 
P:NS 
D:NS 

3.69 
4,5,8,9 

.49 
5,8,9 

.80 
4,5,8 

-.33 
2-4,8,9 

-.49 
3-5,8,9 

.04 
8 

14.41 
3-5,8,9 

1721 
 --- --- --- 139 

3-9 

2 
V:LS 
P:VLS 
D:VLS 

3.73 
4,5,8,9 

.53 
5,8,9 

1.01 
5,8 

-.23 
1,3-5,8 

-.44 
3-5,8,9 

-.07 
5,8 

16.21 
3-5,8,9 

1769 
 

5.54 
5,8,9 

6.68 
9 

6.90 
 

175 
3-5,8,9 

3 
V:LD 
P:LS 
D:LS 

5.77 
5,8,9 

.76 
8,9 

1.26 
 

-.02 

1,6-9 
-.27 

1,2,5,8,9 
-.03 

8 
21.83 
1,2,6-8 

1731 
 

6.57 
5,8,9 

6.86 
9 

6.24 
8,9 

289 

1,2,5-9 

4 
V:LS 
P:VLS 
D:LS 

6.61 
1,2,5,8,9 

.79 
5,8,9 

1.43 
1,7 

-.04 
1,5-9 

-.22 
1,2,5-,9 

-.03 
8 

20.72 
1,2,6-8 

 

1737 
 

5.57 
5,8,9 

8.05 
9 

5.39 
8,9 

259 
1,2,5-9 

5 
V:MD 
P:MS 
D:MS 

14.55 
1-4,6,7,9 

1.11 
1,2,7-9 

1.62 

1,2,6,7,9 
.10 

2,4,6-9 
-.01 
1-4,6-8 

.18 
2 

23.38 
1,2,6-8 

1714 
 

8.81 
2-4,6,7 

8.00 
9 

7.76 
 

408 
1-4,6,7 

6 
V:LS 
P:MI 
D:LS 

5.42 
5,8,9 

.68 
8,9 

1.05 
5,8 

-.24 
3-5,8 

-.39 
4,5,8,9 

.02 
8 

15.32 
3-5,8,9 

1629 

8 
6.07 
5,8,9 

7.42 
9 

5.93 
8,9 

199 
1,3-5,8,9 

7 
V:LS 
P:HD 
D:LS 

4.75 

5,8,9 
.55 
5,8,9 

.89 
4,58 

-.27 
3-5,8 

-.41 
4,5,8,9 

-.04 
8 

14.33 
3-5,8,9 

1704 
 

5.58 
5,8,9 

7.61 
9 

7.57 
 

195 
1,3-5,8,9 

8 
V:VHD 
P:MD 
D:VHS 

13.91 
1-4,6,7,9 

1.88 
1-7 

1.61 
1,2,6,7,9 

.27 
1-7,9 

.23 
1-7 

.31 
1-4,6,7 

29.06 
1-7,9 

1857 

6,9 
10.98 
2-4,6,7 

9.32 
9 

10.32 
3,4,6 

459 
1-4,6,7,9 

9 
V:HD 
P:VHI 
D:HD 

41.79 
1-8 

1.85 
1-7 

.98 
5,9 

-.18 
1,3-5,8 

.08 
1-4,6,7 

.09 
 

20.33 
1,2,6-8 

1644 
8 

9.55 
2-4,6,7 

12.09 
2-8 

10.62 
3,4,6 

355 
1-4,6-8 

Notes: V=Violent Crimes, P=Property Crimes, D=Drug Crimes; N=No Crimes (close to 0), L=Low Crime Level, M=Medium Crime Level, H=High Crime Level, VL=Very Low Crime 
Level, VH: Very High Crime Level; S=Stable, D=Decreasing, I=Increasing (e.g. V:LS=Low Stable Trend for Violent Crimes). 
*The numbers indicate a significant difference from that group (e.g. 8,10 means significant differences in the mean values compared to Groups 8 and 10). Significant differences are based 
on Tukey’s HSD test.  
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6.2.4 Dover – Isolated Small City 

Figure 18 displays the nine-group solution for the multi-trajectory models for 

the small city of Dover. Groups one to three, which account for 65.2% of all street 

segments in Dover, identify groups with no or very low crime levels for all crime 

types. The following groups four to seven identify groups with medium and low levels 

of crime and somewhat diverging trajectories. As in the previous two multi-trajectory 

models, Dover has two high-crime groups which account for about 3% of all street 

segments. Group eight shows high-crime levels (three standard deviations above the 

mean) for all crime types. The group has the highest levels of violent crimes for all 

time points and the highest levels of drug crimes for most of the years. Especially, 

after a steep increase over the most recent years of the study period, the drug crime 

levels in group eight far exceed all other groups. The other high-crime group (group 

nine) shows high levels of violent and drug crimes and very high crime levels for 

property crimes. Violent crimes have remained stable in this trajectory group while 

property and drug crimes have increased over the years.  

Table 46 displays the latent profiles for the trajectory groups in the small city 

of Dover. Group nine shows a profile comparable to the trajectory groups with high 

property crime counts in the small city of Wilmington as well as Suburban-

Wilmington. This high-crime group has a significantly increased exposure to crime 

generators and the lowest levels of local-guardianship. Consistent with the previous 

areas, this pattern might indicate street segments in, somewhat, isolated shopping and 

entertainment districts. Socioeconomically, the group is not very different from other 

trajectory groups in Dover. Only, the levels of economic inequality are far lower than 

in any other group. Also consistent with previous areas, the crime group is 
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characterized by longer travel distances for crimes compared to the medium level 

crime groups. Only the other high-crime group shows a comparable import offender 

pattern. Group eight, the other high crime group, has high scores for all opportunity 

indicators, albeit below group nine for crime generators. The socioeconomic indicators 

show a pattern of relative social disadvantage, compared to the no-crime and low-

crime groups. However, the differences are not significant and several of the medium 

crime groups show similar levels of disadvantage. Similarly, while offenders travel 

further for group eight relative to, for example, group six—a group that is 

socioeconomically similar and has medium levels for violent and drug crimes—these 

differences are not significant. Based on the results from the previous two areas, it is 

reasonable to assume that the offender pattern might be the distinguishing difference 

between high and medium crime areas for violent and drug offenses which are 

socioeconomically similar. However, an alternative interpretation of the similarities 

might suggest that the comprehensive model is not identifying all important features. 

As mentioned, an even more complex model might include the disaggregation of 

crime generators or additional refinements of opportunity characteristics (Kim, 2018) 
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Figure 18: Group-Based Multi-Trajectory Model for the City of Dover.
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Table 46: Comparison of Criminogenic Indicators across Trajectory Groups for the City of Dover. 

Dover Crime 
Gen. 

Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Population 

Total 
Population 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS 
P:NS 
D:NS 

8.97 
8,9 

1.67 
 

2.62 
 

0.61 
6 

.59 
 

-.02 
9 

37.60 
6,8 

2208 
 --- --- --- 392 

6,8 

2 
V:VLS 
P:LS 
D:NS 

4.57 
8,9 

1.70 
 

2.49 
6 

.50 
6-8 

.43 
 

.00 
9 

36.42 
6,8 

2225 
 

5.96 
8,9 

7.97 
9 

---- 
 

378 
6,8 

3 
V:VLS 
P:VLS 
D:VLS 

7.21 
8,9 

1.38 
 

2.43 
6 

.67 
6 

.48 
 

-.06 
9 

39.25 
8 

2235 
 

6.27 
8,9 

10.62 
9 

5.47 
 

374 
6,8 

4 
V:LD 
P:MD 
D:NS 

6.89 
8,9 

1.21 
 

1.71 
6 

.56 
6,8 

.57 
 

-.18 
 

39.59 
 

2242 
 

10.47 
 
 

9.47 
9 

1.57 
8,9 

288 
 

5 
V:LS 
P:MD 
D:LS 

9.56 
8,9 

1.51 
 

2.88 
 

.81 
1-4 

.50 
 

.04 
9 

42.37 
 

2172 
 

8.48 
9 

8.91 
9 

8.00 
 

469 
6-9 

6 
V:MS 
P:LS 
D:MS 

13.99 
9 

2.22 
 

5.32 
3-5,9 

1.11 
 

.50 
 

.32 
9 

46.64 
1,2 

2108 
 

11.31 
 

11.20 
 

8.40 
 

715 
1-3,4,5 

7 
V:MS 
P:LS 
D:MS 

14.57 
9 

1.26 
 

2.83 
 

.95 
 

.46 
 

.04 
9 

44.92 
 

2170 
 

10.12 
 

10.29 
9 

8.56 
 

546 
5 

8 
V:HS 
P:HD 
D:HI 

17.98 
1-5,9 

1.81 
 

4.38 
 

.98 
4 

.53 
 

.22 
9 

48.07 
1-3 

2263 
 

13.73 
2,3 

11.93 
 

10.96 
4 

679 
1-3,5 

9 
V:HD 
P:VHS 
D:HI 

29.02 
1-8 

1.54 
 

.27 
6 

.76 
 

.42 
 

-.66 
1-3,5-8 

44.27 
 

2448 
 

13.93 
2,3,5 

15.76 
2-5,7 

15.22 
4 

583 
5 

Notes: V=Violent Crimes, P=Property Crimes, D=Drug Crimes; N=No Crimes (or very close to 0), L=Low Crime Level, M=Medium Crime Level, H=High Crime Level (three standard 
deviations above the mean), VL=Very Low Crime Level, VH: Very High Crime Level; S=Stable, D=Decreasing, I=Increasing (e.g. V:LS=Low Stable Trend for Violent Crimes). 
*The numbers indicate a significant difference from that group (e.g. 8,10 means significant differences in the mean values compared to Groups 8 and 10). Significant differences are based 
on Tukey’s HSD test.  
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6.2.5 Suburban-Dover - Suburban Area of an Isolated Small City 

Figure 19 shows the group-based multi-trajectory model for Suburban Dover. 

The model identified eight trajectory groups defined by the violent, property, and drug 

crime counts and trajectories across street segments. Groups one to three identify 

street segments with overall low levels of crimes for all years. The three groups 

account for 76.9% of all street segments. Groups five and seven identify street 

segments with a mixture of low and medium crime counts and mostly stable 

trajectories. Group six identifies a group that shows low levels of crime for violent and 

drug crimes but a high decreasing trajectory for property crimes. After showing high 

levels for the first three years the property crime levels went down to low levels for 

the most recent years. This pattern is similar to one group identified in Suburban-

Wilmington (see section 6.2.3, especially Figure 17). Groups four and group eight 

describe two high-crime groups, accounting for 3.3% and 1% of street segments, 

respectively. Group four shows high stable trajectories for violent and property 

offenses and medium stable levels for drug offenses. The crime levels in group eight 

for all crime types are very high. While property crimes remain stable on a very high 

level, violent crimes have a decreasing, and drug crimes an increasing trajectory. 

Suburban-Dover is the first area in which only one group had high drug crime levels 

and it is the first area in which drug crimes are highest in the same area in which 

property crimes are highest. While in previous areas the group with the highest levels 

of property crimes showed high levels of drug crimes, they were never the highest. In 

fact, in Suburban-Dover the highest levels for all crimes are concentrated in the same 

trajectory group (group eight). 
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Table 47 provides an overview of the criminogenic indicators across trajectory 

groups in Suburban-Dover. As in previous areas, the no-crime and low-crime groups 

are characterized by relative socioeconomic advantage and overall lower levels of 

exposure to crime generators. Group eight, the high-crime groups with very high 

levels for all crime types, has the highest exposure to crime generators at about three 

times of the exposure of the next highest group. In contrast to previous areas, the 

trajectory groups with the highest levels of exposure to crime generators in Suburban-

Dover is also the group with the highest levels of concentrated disadvantage and 

economic inequality. This group also shows overall the longest travel distances by 

offenders. Accordingly, the previously found pattern of a high-crime group defined by 

socioeconomic disadvantage and one high-crime group by extreme exposure to crime 

generators is not present in Suburban-Dover. The other high crime group (group four) 

which showed high crime levels for violent and property crimes shows the same 

overall pattern as group eight albeit at lower levels. Exposure to crime generators is 

higher than in almost all other Suburban-Dover trajectory groups, as is concentrated 

disadvantage.  
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Figure 19: Group-Based Multi-Trajectory Model for Suburban-Dover.
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Table 47: Comparison of Criminogenic Indicators across Trajectory Groups for Suburban-Dover. 

Suburban- 
Dover 

Crime 
Gen. 

Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Population 

Total 
Population 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS 
P:NS 
D:NS 

2.94 
4,7,8 

.52 
 

1.43 
 

.09 
4,7,8 

-.20 
 

.02 
 

21.55 
8 

3311 
8 --- --- --- 118 

4,5,7,8 

2 
V:VLS 
P:LI 
D:VLS 

3.17 
4,7,8 

.42 
4 

1.35 
 

.11 
4,7,8 

-.27 
4 

-.07 
8 

20.82 
8 

2968 
 

5.76 
8 

9.44 
 

10.80 
 

154 
4,7,8 

3 
V:VLS 
P:VLS 
D:VLS 

2.87 
4,7,8 

.51 
4 

1.43 
 

.13 
7,8 

-.23 
 

-.04 
8 

21.79 
8 

3111 
 

7.14 
8 

8.11 
 

9.02 
 

147 
6 

4 
V:HS 
P:HS 
D:MS 

6.75 
1-3,8 

1.18 
 

.86 
 

.32 
1,2 

-.13 
 

.24 
 

24.07 
 

2912 
 

9.91 
 

11.53 
 

12.78 
 

245 
1,2,6 

5 
V:MS 
P:LI 
D:LS 

3.79 
8 

.54 
 

1.68 
 

.16 
 

-.23 
 

-.05 
8 

21.60 
8 

2925 
 

8.93 
 

9.11 
 

7.91 
 

227 
6 

6 
V:LS 
P:HD 
D:LS 

4.23 
8 

.53 
 

1.36 
 

.12 
8 

-.23 
 

.04 
 

22.38 
8 

2856 
 

6.64 
8 

11.62 
 

3.36 
 

143 
3-5,7,8 

7 
V:LS 
P:LS 
D:MS 

6.88 
1-3,8 

.71 
 

1.86 
 

.35 
1-3,7,8 

-.24 
 

.11 
 

23.80 
 

2730 
 

10.46 
 

7.54 
 

9.21 
 

266 
1,2,6 

8 
V:VHD 
P:VHS 
D:VHI 

17.93 
1-7 

.71 
 

1.31 
 

.46 
1-3,6,7 

-.19 
 

.36 
2,3,5 

26.35 
1-3,5,6 

2607 
1 

13.49 
2,3,6 

11.31 
 

12.27 
 

295 
1,2,6 

Notes: V=Violent Crimes, P=Property Crimes, D=Drug Crimes; N=No Crimes (close to 0), L=Low Crime Level, M=Medium Crime Level, H=High Crime Level, VL=Very Low Crime 
Level, VH: Very High Crime Level; S=Stable, D=Decreasing, I=Increasing (e.g. V:LS=Low Stable Trend for Violent Crimes). 
*The numbers indicate a significant difference from that group (e.g. 8,10 means significant differences in the mean values compared to Groups 8 and 10). Significant differences are based 
on Tukey’s HSD test.  
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6.2.6 Towns 

Figure 20 provides a graphical overview of the nine-group solution for the 

Towns area. The first four groups identify no-crime or low-crime groups with mostly 

stable trajectories. Group three stands out among these trajectory groups due to an 

increasing property crime trajectory that reaches into medium crime levels in the most 

recent years. Combined these four groups account for 83.6% of all street segments in 

the Towns geographic area. Groups six and seven identify street segments with a 

mixture of medium and low crime trajectories. Groups five, eight, and, nine each show 

high crime rates for at least one crime type. Group five identifies a trajectory group 

that was not identified for any of the previous areas. This group is characterized by 

stable medium levels for violent and drug crimes but high and increasing property 

crime levels (i.e. the cutoff is at three standard deviations above the mean). The closest 

comparison group for group five in the Towns area can be found in group four in the 

Suburban-Dover area, albeit this group showed high violent crime and low drug crime 

levels. Group eight shows high levels of violent and drug crimes and medium levels 

for property crimes. All trajectories in this group are stable. Finally, group nine shows 

very high crime levels for all crime types, higher than any other group in the Towns 

area. The trajectories for violent and property crimes in group nine are more or less 

stable while drug crime rates have increased. Combine these three groups account for 

3.5% of all street segments in the geographic area. 

All three high-crime groups are characterized by significantly increased crime 

generator exposure. While groups five and nine show significantly lower levels of 

local guardianship to at least one other group, group eight has among the highest 

guardianship rates. While levels of crime generators are highest in the very high-crime 



 

 175 

group (group nine), the difference between this group and other higher crime groups is 

not as pronounced as in other geographic areas (at 19.75 compared to 14.90 in group 

five and 11.45 in group eight). Overall, the two groups with high property crime rates 

show the highest levels for crime generator exposure, consistent with the previous 

areas. All three high-crime groups are characterized by longer offender travel 

distances compared to several of the lower and medium crime groups. However, the 

very-high crime group shows again even further travel distances. Group eight is, 

overall, characterized by higher levels of socioeconomic disadvantage. The group 

shows the highest levels of concentrated disadvantage. Groups eight and nine are also 

defined by their high levels of socioeconomic inequality.  

 The low crime groups are again characterized by low levels of exposure to 

opportunity characteristics and relative socioeconomic affluence. The one exception is 

group two which shows similar levels of crime generators as well as concentrated 

disadvantage to group eight. The major difference between the two groups is the level 

of economic inequality at .66 in group eight and at -.18 in group two. This pattern also 

conforms with the findings from the regression models which had shown a unique 

pattern of economic inequality as predictive in the Towns geographic area. Another 

difference between the two groups is the traveling distance which is somewhat further 

in group eight. However, overall, there are no significant differences between groups 

two and eight. 
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Figure 20: Group-Based Multi-Trajectory Model for Towns.  
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Table 48: Comparison of Criminogenic Indicators across Trajectory Groups for Towns. 
Towns Crime 

Gen. 
Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Population 

Total 
Population 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS 
P:NS 
D:NS 

4.61 
5,8,9 

.95 
 

1.77 
 

.11 
8 

-.17 
 

-.18 
2,5,6,8,9 

17.14 
8 

2448 
 --- --- --- 188 

2,8 

2 
V:LS 
P:LS 
D:LS 

8.09 
5,9 

1.15 
 

3.51 
5,9 

.43 
 

-.16 
 

.37 
1 

22.16 
 

2315 
 

8.51 
9 

9.02 
5,9 

10.30 
9 

335 
1 

3 
V:LS 
P:LI 
D:VLS 

4.92 
5,8,9 

.87 
 

2.06 
 

.17 
8 

-.27 
 

.07 
8,9 

20.33 
 

2405 
 

8.31 
9 

9.07 
5,9 

8.85 
9 

222 
 

4 
V:VLS 
P:VLS 
D:VLS 

4.77 
5,8,9 

.98 
 

2.20 
 

.21 
8 

-.18 
 

-.04 
8,9 

18.80 
8 

2513 
9 

7.89 
8,9 

8.90 
5,9 

7.35 
9 

215 
8 

5 
V:MS 
P:HI 
D:MS 

14.90 
1-4,6.7 

.71 
 

0.92 
2 

.26 
 

-.30 
 

.36 
1 

18.80 
8 

2234 
 

11.66 
 

13.87 
2-4 

13.31 
 

216 
8 

6 
V:MS 
P:MS 
D:LS 

7.90 
5,9 

.96 
 

2.67 
 

.35 
 

-.26 
 

.31 
1 

22.36 
 

2276 
 

10.43 
 

10.60 
9 

11.02 
9 

287 
 

7 
V:LS 
P:MD 
D:LS 

5.41 
5,8,9 

.78 
 

2.30 
 

.25 
 

-.21 
 

.19 
 

19.72 
 

2364 
 

7.98 
8,9 

9.80 
9 

9.25 
9 

231 
 

8 
V:HS 
P:MS 
D:HS 

11.45 
1,3,4,8,9 

1.66 
 

2.50 
 

.56 
1,3,4,9 

-.15 
 

.62 
1,3,4 

25.23 
1,4,5 

2332 
 

12.21 
4,7 

11.48 
9 

13.31 
 

340 
1,4,5 

 

9 
V:VHS 
P:VHS 
D:VHI 

19.75 
1-4,6-8 

.31 
 

.93 
2 

.12 
8 

-.18 
 

.62 
1,3,4 

21.96 
 

2016 
4 

13.90 
2-4,7 

15.83 
2-4,6-8 

18.20 
2-4,6,7 

280 
 

Notes: V=Violent Crimes, P=Property Crimes, D=Drug Crimes; N=No Crimes (close to 0), L=Low Crime Level, M=Medium Crime Level, H=High Crime Level, VL=Very Low Crime 
Level, VH: Very High Crime Level; S=Stable, D=Decreasing, I=Increasing (e.g. V:LS=Low Stable Trend for Violent Crimes). 
*The numbers indicate a significant difference from that group (e.g. 8,10 means significant differences in the mean values compared to Groups 8 and 10). Significant differences are based 
on Tukey’s HSD test.  
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6.2.7 Touristic 

Figure 21 displays the eight-group solution for the Touristic geographic area. 

The first four groups identify street segments with overall low levels of crime. Group 

four shows a slightly diverging pattern for property crimes which throughout the study 

period reached medium levels but have dropped again over the most recent years to 

low levels. In total, the four trajectory groups account for 92.9% of street segments in 

Touristic areas. Groups five and six describe groups with quite differing trajectories 

for specific crime types. Group five shows medium stable levels for violent crimes and 

low stable levels for property crimes. Drug crimes in group five have increased over 

the years and in the most recent years, they exceeded the high-crime threshold. Groups 

six also showed medium stable levels for violent crimes but the property crime levels 

started above three standard deviations above the mean but have declined significantly 

to medium crime levels. Drug crimes in these areas were low at all time points. The 

final group, group seven, shows very high crime levels for all crime types. While the 

violent crime trajectory was overall stable, the property crime trajectory showed a 

downward trend. In contrast, drug crimes increased over the study period. 

Table 49 displays the opportunity, socioeconomic, and travel characteristics for 

each multi-trajectory group. As in previous areas, the four low crime groups show 

lower levels of concentrated disadvantage as well as crime generators. However, the 

levels reached for crime generators, even for low crime groups, are comparable to 

some of the high-crime groups in other geographic areas. Similarly, the levels of 

concentrated disadvantage in high crime groups, while above the low-crime levels in 

touristic areas, are far less disadvantaged than in other geographic areas. Accordingly, 

while the overall pattern of disadvantage and crime generator exposure hold for all 
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areas, this finding indicates that levels of disadvantage, as well as exposure to 

opportunity characteristics, are relative. Even higher levels of exposure not necessarily 

lead to high-crime groups if other groups within the same geographic area show even 

higher levels of exposure.  

The two medium and the high-crime groups in the Touristic geographic area 

show comparatively higher levels of crime generators. Group seven, the high-crime 

group, shows the highest levels of crime generators across all geographic areas, even 

exceeding urban areas. Since Touristic areas are built around tourism and 

entertainment, this pattern again supports the importance of more fine-grained 

geographic area classifications beyond urban and rural divisions. While overall people 

travel further for offenses in Touristic areas, the high-crime group shows no distinct 

offender travel patterns from other groups in Touristic areas. Again, since the area is 

built around tourists, we would expect travel distances to be, overall, further. The 

very-high crime area is not only characterized by extremely high levels of exposure to 

crime generators but also by the highest levels of concentrated disadvantage as well as 

economic inequality. As in the Towns area, economic inequality seems to better 

describe the socioeconomic pattern compared to concentrated disadvantage. The very-

high-crime group also shows the highest levels of Black residents in surrounding 

areas. However, at about 10% on average the levels of Black residents in this group 

are still far below the Delaware average. 
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Figure 21: Group-Based Multi-Trajectory Model for Touristic Areas.
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Table 49: Comparison of Criminogenic Indicators across Trajectory Groups for Touristic Areas. 

Touristic Crime 
Gen. 

Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Population 

Total 
Population 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS 
P:NS 
D:NS 

10.14 
6,7 

.48 
 

.90 
 

-.91 
3,5-7 

1.39 
 

-.05 
 

2.89 
5,7 

960 
7 --- --- --- 99 

5 

2 
V:VLS 
P:VLS 
D:VLS 

12.94 
7 

.56 
 

1.21 
 

-.72 
7 

1.28 
 

.05 
 

4.07 
5,7 

1080 
 

12.57 
 

12.61 
 

14.85 
 

118 
5,7 

3 
V:LS 
P:LI 
D:LS 

17.58 
7 

.46 
 

1.10 
 

-.62 
1 

1.16 
 

.01 
 

4.88 
5,7 

1234 
 

12.93 
 

13.15 
 

15.25 
 

130 
5 

4 
V:LS 
P:LS 
D:LS 

18.82 
7 

.54 
 

.97 
 

-.65 
 

1.08 
 

-.10 
 

5.24 
7 

1234 
 

13.10 
 

9.88 
 

---- 
 

120 
5,7 

5 
V:MS 
P:LS 
D:MI 

22.64 
7 

.31 
 

1.47 
 

-.53 
1 

1.04 
 

.34 
 

9.02 
1-3 

1228 
 

14.33 
 

9.87 
 

18.17 
 

232 
1-4 

6 
V:MS 
P:HD 
D:LS 

32.17 
1,7 

.44 
 

1.31 
 

-.51 
1 

1.11 
 

.11 
 

6.16 
 

1329 
 

17.55 
 

17.01 
 

20.00 
 

158 
 

7 
V:VHS 
P:VHD 
D:VHI 

60.39 
1-6 

.51 
 

1.17 
 

-.42 
1 

1.13 
 

.35 
 

10.20 
1-4 

1370 
 

18.68 
 

14.24 
 

12.05 
 

206 
2,4 

Notes: V=Violent Crimes, P=Property Crimes, D=Drug Crimes; N=No Crimes (close to 0), L=Low Crime Level, M=Medium Crime Level, H=High Crime Level, VL=Very Low Crime 
Level, VH: Very High Crime Level; S=Stable, D=Decreasing, I=Increasing (e.g. V:LS=Low Stable Trend for Violent Crimes). 
*The numbers indicate a significant difference from that group (e.g. 8,10 means significant differences in the mean values compared to Groups 8 and 10). Significant differences are based 
on Tukey’s HSD test   
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6.2.8 Rural 

Figure 22 provides a graphical overview of the eight-group solution for the 

multi-trajectory model in Rural areas. The first four groups identify trajectory groups 

with, overall, lower levels for all crime types. Groups three and four have a unique 

pattern or property crimes. In both areas, the crime levels increased over the study 

period and decreased again in recent years. While group four returns to the levels of 

the beginning of the study period, group three shows significantly increased property 

crime levels in 2017. Each group reached for one year even the high-crime threshold, 

but values are significantly below the cutoff for all other years. Groups five, six, and 

seven also show considerable variations by crime types and trajectories, ranging from 

low to high-crime levels for one or the other. Group six, for example, shows low-

crime levels for violent crimes and very-low levels for drug crimes. However, the 

initial (over the first two years) property crime levels were above the high-crime 

threshold, but these levels decreased to low levels in the most recent years and most of 

the study period. Group five shows medium stable levels for violent and property and 

a low-increasing trajectory for drug crimes. Groups seven shows medium stable levels 

for violent and drug crimes—the levels for violent crimes were, however, for all years 

just below the cut-off. The group is also defined by a high-stable property crime 

trajectory. Finally, group eight shows high or very high crime levels for all crime 

types. The violent crime trajectory shows a very high decreasing trajectory, while the 

drug crime trajectory shows a very-high increasing trajectory. Property crimes started 

at a high level but decreased over the study period, and in 2017 values were lower in 

group eight than in group seven. The Rural geographic area is the only area in which 

no very-high property crime group exists.  
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Table 50 provides the latent class profiles based on opportunity and 

socioeconomic characteristics as well as offender travel patterns for the eight 

trajectory groups. Exposure to crime generators and opportunity characteristics is 

extremely low for all trajectory groups and no significant differences between groups 

were identified. Nonetheless, groups seven and eight which show high-crime levels for 

property crimes were the two groups with slightly higher crime generators in the areas. 

The overall low levels of exposure to crime generators seem to correspond with the 

absence of very high property crime counts in the area. However, in at least one group 

of street segments, the violent and drug crime levels are on par with other high-crime 

groups in other geographic areas. Group eight, with very high violent and drug crime 

trajectories, shows significant differences from all other crime groups regarding 

residential instability, which levels are higher in group eight, and the group shows 

higher levels of Black residents compared to all other trajectory groups. The area also 

shows higher levels of local guardianship compared to all other areas, but differences 

were not found to be significant. The pattern overall seems to correspond to high-

crime groups found in other areas which were defined by increased levels of 

socioeconomic disadvantage. However, as stated, the absolute levels of socioeconomic 

and opportunity characteristics in this area are lower than in other groups. This again 

underscores that no absolute cutoff levels exist at which opportunity or socioeconomic 

characteristics begin to produce high-crime street segments but that relative inequality 

within areas appears to determine where crimes happen.



 

 

184 

 
Figure 22: Group-Based Multi-Trajectory Model for Rural Areas.
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Table 50: Comparison of Criminogenic Indicators across Trajectory Groups for Rural Areas. 

Rural Crime 
Gen. 

Public 
Places 

Local 
Guard. 

Conc. 
Disadv. 

Res. 
Instability 

Economic  
Inequality 

Black 
Population 

Total 
Population 

Travel 
Violent 

Travel 
Property 

Travel 
Drug 

Spatial 
Lag 

Mean 
Sig Diff From* 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

Mean 
Sig Diff From 

1 
V:NS  
P:NS  
D:NS 

2.16 
 

.50 
 

.70 
 

-.16 
7,8 

-.19 
8 

-.02 
 

11.65 
8 

1163 
 --- --- --- 48 

 

2 
V VLS 
P: VLS 
D:VLS 

1.79 
 

.30 
 

.56 
 

-.10 
 

-.22 
8 

.01 
 

11.46 
8 

1100 
 

8.95 
8 

10.88 
 

9.23 
3 

42 
 

3 
V:LS 
P:MI 
D:VLS 

1.29 
 

.09 
 

.41 
 

-.07 
 

-.27 
8 

-.04 
 

11.26 
8 

1214 
 

10.23 
 

12.53 
 

20.00 
2,5 

24 
 

4 
V:LS 
P:LS 
D:VLS 

1.16 
 

.18 
 

.39 
 

-.12 
7 

-.26 
8 

-.03 
 

10.80 
8 

1145 
 

9.80 
 

8.60 
 

11.63 
 

31 
 

5 
V:MS 
P:MS 
D:LI 

1.86 
 

.36 
 

.50 
 

-.03 
 

-.22 
8 

.16 
 

13.17 
8 

1218 
 

11.34 
 

9.59 
 

11.61 
3 

54 
 

6 
V:LS 
P:HD 
D:VLS 

1.45 
 

.17 
 

.43 
 

-.02 
 

-.29 
8 

-.04 
 

11.80 
8 

1220 
 

11.07 
 

12.59 
 

7.85 
 

33 
 

7 
V:MS 
P:HS  
D:MS 

3.15 
 

.24 
 

.39 
 

.04 
1,4 

-.18 
8 

.14 
 

12.62 
8 

1159 
 

11.33 
 

12.30 
 

13.85 
 

47 
 

8 
V:VHD 
P:HD 
D:VHI 

2.41 
 

.49 
 

1.12 
 

.01 
1 

.06 
1-7 

.11 
 

17.35 
1-7 

1257 
 

14.56 
2 

12.31 
 

17.33 
 

46 
 

Notes: V=Violent Crimes, P=Property Crimes, D=Drug Crimes; N=No Crimes (close to 0), L=Low Crime Level, M=Medium Crime Level, H=High Crime Level, VL=Very Low Crime 
Level, VH: Very High Crime Level; S=Stable, D=Decreasing, I=Increasing (e.g. V:LS=Low Stable Trend for Violent Crimes). 
*The numbers indicate a significant difference from that group (e.g. 8,10 means significant differences in the mean values compared to Groups 8 and 10). Significant differences are based 
on Tukey’s HSD test.  
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6.3 Discussion 

6.3.1 Chapter Motivation 

This chapter continued the exploration of crime concentrations across 

geographic areas and the research question whether the same criminogenic concepts 

predict hot spots across geographic areas. The negative binomial regression models 

discussed in the previous chapter (see Chapter 5) estimated associations between 

criminogenic concepts and each crime type separately—as did the measures of crime 

concentrations used in Chapter 3. In this chapter, I used group-based multi-trajectory 

models to account for crime composition in street segments. Moreover, the inclusion 

of offender travel patterns into the previously estimated regression models would have 

required imputations for street segments with no crimes or a considerable reduction of 

the sample sizes if cases with no travel distances would have been excluded. The 

latent class profiling approach, taken in this chapter, however, allowed for the 

inclusion of offender travel patterns without excluding cases. Offender travel pattern 

or an overall assessment of whether offenders in specific areas are domestic or 

imported from further away areas is seen as crucial to developing targeted hot spots 

policing approaches (Sorg, 2016). As outlined (see section 2.3.2), while the 

domestic/import distinction has been discussed in opportunity approaches, very few 

studies have included indicators for offender travel pattern and even fewer studies 

have integrated this measure into wider hot spots profiles.  

The multi-trajectory modeling approach taken here, moreover, extends the 

most popular crime in micro-place research approach (i.e. group-based single-

trajectory modeling). The major advantage that multi-trajectory modeling holds for 
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crime in micro-place research is that it allows to include crime-composition into 

group-based trajectory models. Previous studies using trajectory modeling approaches 

have focused on one crime type at a time or measures of aggregated, total crime. 

Understandings of whether hot spots are specific to one crime type or a combination 

of several crime types will impact what policing strategies are suitable (Telep & 

Hibdon, 2017).  

6.3.2 Major Findings and Contributions 

In addition to revisiting the two central research questions of this project, 

whether crime is concentrated across geographic areas and whether the same 

criminogenic concepts predict crime in micro-places across geographic areas, this 

chapter also offered insights into several of the important sub-questions this project 

raises. Specifically, this chapter allowed to assess whether the geographic area 

conceptualization is useful to assess hot spots as well as what the value of the 

introduction of multi-trajectory models into crime in micro-place research could be 

(see section 2.4). This rich analysis provided several unique insights for crime in 

micro-place research. First, the analysis found additional support that across 

geographic areas high-crime micro-places exist. This finding provides empirical 

support for the potential of hot spots policing in non-urban areas. Second, the study 

identified different types of hot spots characterized by the crime composition and 

criminogenic profiles. This novel view on crime in micro-places, moreover, showed 

that these profiles differ by geographic areas, mostly along rural-urban lines. Thirdly, 

the analysis in this chapter allowed us to assess the theoretical controversy between 

absolute and relative deprivation theories. The findings support the assumption that 

relative deprivation theory is appropriate for rural and absolute deprivation for more 
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urban areas. And fourth, the analysis made use of offender travel patterns and 

highlighted how these can be used to distinguish otherwise (i.e. based on opportunity 

and socioeconomic characteristics) almost identical micro-places with differing crime 

rates. 

1. The trajectory models provide, first of all, additional support for the finding 

that crime concentrations exist across geographic areas. The analysis in Chapter 4 had 

identified the bandwidth of crime concentrations and compared the degrees to which 

crime concentrations exist across geographic areas. That analysis had shown that, 

overall, more rural areas had higher levels of crime concentration. However, in 

addition to knowing that crime is concentrated and whether geographic areas differ in 

the degrees of crime concentration, it is also important to know whether the average 

levels of crime in high-crime areas across geographies are similar. The analysis 

approach taken in this chapter helped to identify groups of high-crime street segments 

across areas. If the high-crime groups across geographic areas show similar levels of 

crime this would underscore the usefulness of hot spots policing approaches in non-

urban areas and it might provide additional insights whether current urban hot spots 

policing approaches are transferable to non-urban areas. The analysis showed that 

these high-crime groups exist across all types of urban and rural areas included in this 

study. Even if areas have overall lower crime counts or showed lower levels of crime 

concentration, such as Rural areas, the analysis shows that high-crime groups of street 

segments exist in these areas as well. Levels of violent crime are, for example, on par 

in high-crime street segments in traditional rural areas as well as the city of 

Wilmington and drug crimes show even higher average levels in high-crime micro-

places in Rural areas. This shows that even in areas where crime is less concentrated 
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than the law of crime concentration would predict, such as in the city of Wilmington 

or the Rural geographic area, and no matter whether crime counts are overall high, 

such as in Wilmington, or low, as in the case of Rural areas, specific micro-places 

show consistently high counts of crime. This finding provides additional support for 

hot spots policing as a promising universal crime prevention strategy across 

geographic areas.  

2. The analysis moreover showed that there are high-crime groups that are high 

for all types of crimes and others that are only high-crime groups for specific crime 

types. This finding contributes an alternative picture to the debate about crime 

composition in micro-places, using a novel analysis approach. While some studies 

have found that there is only limited overlap among the type of crimes between hot 

spots (Haberman, 2017), the approach taken in this study shows that crime general hot 

spots (hot spots that show high crime counts for all crime types) exist—albeit, only 

very few street segments in each geographic area are part of these groups. However, 

these small crime general hot spots account for a considerable amount of crimes across 

areas. For example, in the Rural geographic area, group eight, which showed high or 

very-high crime levels for all crime types, accounted only for .46% of all street 

segments (36 segments) but for 6,073 total crimes or about 13% of the total crime in 

Rural areas over the study period. However, crime specific high-crime groups exist as 

well (i.e. areas that are only high or very high for specific crime types but low for 

others). In fact, crime general and crime specific hot spots appear to be driven by 

different criminogenic pattern. Two general patterns for high-crime groups appeared. 

Crime general hot spots are mainly characterized by very high exposure to crime 

generators and lower levels of local guardianship. These micro-places, moreover, 
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appear to attract offenders from further away areas while showing lower levels of 

concentrated disadvantage compared to other groups in the same areas (see for 

example Figure 16). Overall, these crime-general hot spots appear to closely conform 

with criminogenic concepts advanced by opportunity theories and might include 

street-segments in entertainment as well as retail districts. However, as stated, these 

areas are not only high on property crimes but also other types of crime. This finding 

appears to be in line with research by Quick et al. (2018) conducted in the city of 

London. They also observed a crime general pattern for property and violent crimes.  

The second type of crime hot spot identified using the trajectory models, in 

contrast, more closely aligns with ideas about socioeconomic disadvantage and 

isolation as key criminogenic concepts. This crime-specific hot spot type shows lower 

levels of property crimes, albeit higher than in low-crime groups, but high levels for 

drug and violent crimes. These groups are also, in contrast to the crime-general hot 

spots, associated with higher levels of local guardianship, indicating that these areas 

have already been identified as higher risk areas or represent overall more residential 

areas which are in closer proximity to fire stations, police stations, but also civil 

organizations than, for example, commercial districts. This pattern of combined 

violent and drug crime hot spots has a long-standing tradition in the literature on urban 

crime (Anderson, 2000; Duck, 2015) but had, so far, not been identified by micro-

place research (Quick, Li, & Brunton-Smith, 2018). Consistent with the literature on 

urban poverty, these crime-specific hot spots are found mainly in more urbanized 

areas: Wilmington, Dover, Suburban Wilmington, and Towns.  

Less urbanized areas such as Suburban-Dover, as well as Touristic and Rural 

areas only showed one high-crime group which was then characterized by a 
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combination of both hot spot types. That means these were crime-general hot spots but 

with criminogenic characteristics that align with crime-general as well as crime-

specific hot spots. In these areas, the high-crime groups are, for example, 

characterized by the highest exposure to crime generators but also by the highest 

levels of concentrated disadvantage in their geographic areas. Interestingly, in these 

more rural areas, the high-crime groups are also identified by increased levels of 

economic inequality, which is a factor less pronounced for the more urban areas. The 

multi-trajectory models support the preliminary finding from 100Chapter 4 that the 

inclusion of economic inequality as a measure in crime in micro-place research is 

especially important for studies focusing on non-urban areas. As did the regression 

models in Chapter 4, the multi-trajectory models also draw out the unique importance 

of economic inequality for high-crime micro-places in the Towns geographic area. 

The crime-general, as well as crime-specific hot spots found in Towns, show the 

highest levels of inequality across all geographic areas. The analysis in this chapter, 

thus, underscores the importance that future micro-place research on towns assesses 

whether this is a universal feature of towns or specific to Delaware. If it is a general 

pattern, this geographic area might require very specific problem-based policing 

approaches tackling issues of economic inequality and associated social issues. 

Finally, these findings also underscore the immense importance of including crime-

composition in the analysis of hot spots to identify these differing hot spot types. 

3. The analysis in this chapter also allows to further asses the question of 

whether absolute or relative deprivation better describes the socioeconomic conditions 

impacting more rural areas. Chapter 4 showed that the overall levels of concentrated 

disadvantage in suburban as well as the Touristic and Rural areas were below the 
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Delaware average. Nonetheless, within these areas, concentrated disadvantage was a 

significant predictor for almost all crimes. The latent class patterns that this chapter 

provided allow us to focus on high-crime groups within geographic areas. The analysis 

shows that the high-crime groups in these geographic areas also show levels that are 

below or just at the Delaware average. Low-crime and no-crime groups of micro-

places, however, show even lower levels of concentrated disadvantage. Levels of 

concentrated disadvantage in crime hot spots in suburban or rural areas are often, 

actually, on the same levels as low-crime groups in the two small cities. This finding 

supports the assumption that the measure of concentrated disadvantage does not 

correspond with the postulations of absolute deprivation theory. Absolute deprivation 

theory would expect that levels of economic disadvantage that drive people below 

poverty thresholds and into desperate circumstances will lead to more motivated 

offenders and, accordingly, higher crime levels in micro-places in these areas. 

However, the comparatively low levels of concentrated disadvantage in high-crime 

groups in less urbanized areas do not correspond to this assumption. Nonetheless, 

concentrated disadvantage is a defining feature of high-crime micro-places in these 

areas as well but only in relative terms to other micro-places with even higher levels of 

economic advantage. The measure of concentrated disadvantage, accordingly, captures 

different phenomena in more urban and more rural areas. While in urban areas the 

measure can be read as an indicator of absolute deprivation in more rural areas the 

measure indicates relative deprivation. This interpretation also aligns with the finding 

of overall higher levels of economic inequality in high-crime micro-places in more 

rural areas. The analysis so shows that relative deprivation might be the most 

appropriate socioeconomic concept to describe crime in micro-places in more rural 
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areas.34 Future studies should keep in mind that measures of concentrated 

disadvantage that show significant associations in regression models must be 

interpreted with caution and need to be checked whether they align with criminogenic 

ideas of absolute or relative deprivation theory and that these patterns might differ by 

geographic areas. 

Theorizing this pattern further, this apparent alignment of two criminogenic 

theories with one measure for different geographic areas can also be resolved by 

reference to another more recent criminogenic concept, fundamental cause theory 

(Barkan & Rocque, 2018). The finding might underscore the main assumption of 

fundamental cause theory that class inequalities are a fundamental cause of social 

problems such as crime no matter the concrete mechanism. In some areas, crime might 

be caused by high levels of concentrated disadvantage and people’s daily struggles to 

survive while in other areas the same processes of social stratification can lead to 

crime through relative deprivation. The fundamental cause behind each pattern is the 

wider unequal distribution of resources and power in society. Accordingly, in this 

framework, a focus on fighting poverty (while recommendable for other reasons) 

might not necessarily lead to lower crime rates since new mechanisms of social 

inequality will replace them.  

4. The analysis also shows that the inclusion of offender travel patterns adds 

additional value. While the journey to crime literature shows that offenders often 

travel short distances to offense locations (Rengert, 2012), the findings in this study 

show that high-crime street segments also attract offenders from further away areas. In 
 

 
34 This interpretation poses, again, the question whether this is a universal pattern or 
specific to Delaware.  
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cases in which hot spots are characterized by high levels of exposure to crime 

generators, this pattern is predicted by opportunity theories. One the one hand offender 

might seek out these areas due to suitable targets but, moreover, the characteristics of 

these places and the routines people are involved in might incite deviance and crime 

(see section 2.2.1). Offender travel patterns might also help in some cases to 

understand why areas with similar opportunity as well as socioeconomic 

characteristics might show differing crime rates. For example, in the case of 

Wilmington, the trajectory group with high-crime rates for violent and drug crimes is 

almost indistinguishable from specific other low and medium crime groups in regards 

to socioeconomic and opportunity characteristics (see section 6.2.2). The defining 

difference between street segments in these low and high-crime groups with similar 

contextual characteristics is the higher level of import offenders for the high-crime 

group. Since these are crime-specific hot spots for violent and drug crimes, it stands to 

reason that these high-crime micro-places harbored open-air drug markets over the 

study period and, thus, attracted offenders from further away areas. Longer travel 

distances for drug crimes were associated with a higher risk of violence in prior 

studies (Johnson, 2016). This finding might also tell us that there is a substantial risk 

for displacement if these hot spots (e.g. the open-air drug markets) are targeted since 

other micro-places with comparable opportunity and place characteristics are available 

within the geographic areas for drug markets to move to.35 

Overall, the analysis in this chapter underscores the immense potential of 

group-based multi-trajectory modeling for the study of crime in micro-places. While 
 

 
35 An alternative interpretation is that there are additional place characteristics that 
distinguish these micro-places which the study did not consider. 
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group-based trajectory models are very popular in crime in micro-place research no 

study, to date, had used multi-trajectory modeling to analyze crime in micro-places. 

The analysis approach can, as shown, provide valuable information about crime 

concentration, crime composition, and crime trajectories. But, moreover, the analysis 

approach lends itself to develop latent-class profiles for hot spots that are intuitive and 

in-depth at the same time. The analysis identified specific crime-general hot spots 

types that previous studies had overlooked (Haberman, 2017). This hot spot type is in 

the most urban areas accompanied by crime-specific hot spots. These crime specific 

hot spots are, overall, not found in more rural areas. Moreover, the study showed how 

criminogenic profiles of crime-general hot spots differ across geographic areas. The 

analysis approach also allowed to assess the theoretical controversy between absolute 

and relative deprivation theory. The analysis suggested that relative deprivation theory 

is appropriate to understand crime in more rural areas while absolute deprivation 

theory aligns with conditions in urban areas. However, the interpretation also 

suggested that this distinction might point to further underlying stratification 

principles of society. Finally, the analysis also showed the importance of considering 

travel patterns in crime in micro-place research. Classifications into domestic and 

import crime hot spots might allow us to understand differences between otherwise 

socioeconomically and opportunity characteristics wise similar street-segments. 
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Chapter 7 

BEYOND URBAN AREAS: IMPROVING HOT SPOT POLICING 

7.1 Study Motivation 

The starting point of this project was the observation of a disconnect between, 

on the one hand, evaluations that describe hot spots policing as a cost-effective and 

efficient strategy to prevent crime and, on the other hand, widespread debate about 

what strategies are, actually, effective and where and why they work (see Chapter 1). 

One of the main shortcomings of current debates upon hot spots policing and crime in 

micro-places is the focus on traditional urban areas. As outlined (see Chapter 2, 

especially section 2.3.3), while early crime and place research already highlighted the 

importance of geographic areas and their specific crime problems and discussed the 

possibility of differing crime generating mechanisms in urban and non-urban areas, 

crime in micro-place research has, to date, focused on traditional-urban areas. This 

shortcoming is immensely important since urban areas make up only a minor part of 

the US and only a small part of police agencies are situated in large cities (Weisburd 

& Telep, 2014). Recent studies that began to include smaller cities have advanced the 

hypothesis that crime, in general, is more concentrated in less urbanized areas (Gill et 

al., 2017; Weisburd, 2015), albeit other studies found conflicting results (Hipp & Kim, 

2017). However, to date, only one study has addressed crime in micro-places across 

geographic areas, albeit focusing on jurisdictions in the UK (Park, 2019). Moreover, 

there is considerable debate about how to measure crime concentrations to start with 

and how to deal with bias due to the rare event problem (Curiel, 2019). As highlighted 

(see section 2.3.1), several measures have recently been advanced to account for this 

problem. However, few studies had applied these measures and provided comparative 
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insights. Accordingly, one of the core research questions this study followed was 

whether crime concentrations exist across geographic areas. Connected to this were 

the two minor questions of how to define rural and urban areas and what measures of 

crime concentration to use.  

The second major concern of this study was what predicts crime in micro-

places. As outlined (see chapter 2.2.3), researchers on crime and place, and, 

specifically, crime in micro-places have increasingly advocated for refocusing and 

identifying underlying criminogenic concepts. One of the main reasons for this call for 

theoretical advancement is the realization that successful, long-term, place-based 

interventions require in-depth knowledge about not only where crime is concentrated 

but also about why it is concentrated in specific micro-places (Weisburd, 2015). 

Especially, the focus on chronic high-crime areas in crime in micro-place research—

areas that show persistent high-crime rates, often even after law enforcement has 

advanced several crime reduction measures—underscores the importance of in-depth 

information about criminogenic factors (Telep & Hibdon, 2017). Crime prevention in 

these areas might require reconsiderations of socioeconomic micro-place 

characteristics to develop successful crime prevention strategies (Bjørgo, 2016; 

Weisburd et al., 2016, 2012). Empirical crime in micro-place research has only 

recently begun to reintegrate opportunity and socioeconomic place characteristics (see 

section 2.3.2). Studies that have aimed at integrating criminogenic concepts, beyond 

the ordinarily used opportunity theories, have focused on measures of social 

disorganization. Other important criminogenic concepts such as relative deprivation 

have been absent from studies on crime and place. This project advanced a 

comprehensive model of crime in micro-places that integrated opportunity and 
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socioeconomic criminogenic concepts as well as took the offender and crime 

composition in hot spots into account (see Figure 5). Since research on crime in micro-

places had focused on traditional urban areas, this project asked its second main 

research question of whether the same criminogenic concepts predict crime in micro-

places across geographic areas. A minor research question connected to this was 

whether novel analysis approaches, such as multi-trajectory modeling, provide insights 

beyond conventional regression-based approaches. 

Accordingly, this study was novel in several regards. It was the first study to 

address crime concentrations in micro-places across different geographic areas within 

a state in the US (1). While previous studies had used arbitrary definitions of cities as 

well as urban and rural areas or relied on street segment length as a defining tool for 

urbanicity, this study refined the NCES classification of rural and urban areas and 

assessed the usefulness of the area typology approach (2). This study was, moreover, 

novel in the criminogenic concepts it applied. Especially, the integration of offender 

travel patterns and economic inequality advanced previous micro-place research (3). 

Additionally, this study was the first to apply multi-trajectory modeling and 

subsequent latent class profiling to crime in micro-place research (4). Finally, the 

criminogenic concepts and novel analysis approaches were applied in micro-places 

across geographic areas which, to date, no study had attempted (5). Overall, the study 

addressed several open empirical questions as well as conceptual debates in the crime 

in micro-place literature. 

7.2 Major Findings 

Chapter 4 made several important contributions on which future research can 

build, especially, if focusing on non-traditional urban areas. There were three core 
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findings: First, crime concentrations exist across geographic areas. Here, the study 

found some support for the assumption that more rural areas have overall higher levels 

of crime concentration (Gill et al., 2017). However, the study also showed that there 

were important differences within more urban and more rural areas. For example, 

crime concentrations differed across the two small cities included in this study, one 

showing the highest and one of the lowest levels of crime concentration. This finding 

of variations between, for example, more urban areas supports the use of a geographic 

area classification over cruder rural-urban divisions along, for example, street-segment 

length. While it might sound almost trivial that crime concentrations exist across 

geographic areas, this was the first crime in micro-place study to empirically establish 

this. Future research, that talks about micro-places in rural areas, has now an empirical 

basis to claim that crime concentrations in micro-places exist. The second contribution 

of this chapter was to debates about differing crime concentrations by crime types. 

Previous research had provided conflicting findings on concentrations by crime types 

(Andresen, Curman, et al., 2017; Andresen & Linning, 2012; Park, 2019). This study 

helped to further complicate the picture by providing unique insights from non-urban 

areas. The study found that drug crimes were the most concentrated, followed by 

property, and violent crimes. This pattern did not completely conform to prior studies. 

These findings highlighted the need for universal definitions of crime types and better 

documentation of crime coding in crime in micro-place research to ease the 

comparability of findings across studies. And thirdly, the chapter also provided 

empirical support for the usefulness of the Poisson-Gamma adjusted Gini coefficient, 

developed by Mohler et al. (2019), to study crime concentrations across geographic 

areas. However, the study also shows the value of the “% of crimes in % of micro-
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places” approach to crime concentrations, due to its use in prior studies and its 

usefulness to draw comparisons to this prior research (Weisburd, 2015).  

Chapter 5 also made three important contributions to crime in micro-place 

research. It, first, showed that opportunity characteristics (i.e. crime generators) as 

well as socioeconomic indicators (i.e. concentrated disadvantage) help to predict 

crimes across geographic areas. Crime generators and concentrated disadvantage 

showed significant associations across crime types and geographic areas. Specifically, 

the study found that crime generators showed significant associations with property 

crimes across all areas which underscored the core assumption of opportunity theories 

that suitable targets are a base condition for crimes to occur (see chapter 2.2.1). The 

study found no significant differences across geographic areas in the relative impact of 

crime generators on property crimes which highlights the universal applicability of the 

concept beyond traditionally studied urban areas. This is an interesting finding 

considering that even though rural areas have significantly lower counts of crime 

generators, they are as predictive of where property crimes occur as in urban areas, 

and with similar effect sizes. Concentrated disadvantage, similarly, was found to be a 

generally applicable concept—across geographic areas and crime types. A second key 

finding from this chapter was that economic inequality, a core indicator of relative 

deprivation theory, showed for urban areas significant associations against the 

expected direction of the relationship. The assumption that higher levels of economic 

inequality are associated with higher crime rates, by producing more motivated 

offenders (see chapter 2.2.2), only held for non-urban areas. As a possible 

interpretation for this pattern, I proposed, that micro-places in urban areas which show 

high-levels of concentrated disadvantage have very few households in their service 
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areas that have higher levels of income and, therefore, these highly disadvantaged 

areas might have lower levels of economic inequality within them (e.g. equality on 

poverty levels). This interpretation corresponds to theories that describe high levels of 

social isolation of disadvantaged neighborhoods in urban areas (Krivo & Peterson, 

1996; Sampson & Wilson, 1995; Wilson, 2012). The finding that in the Towns area 

economic inequality was a more important predictor than concentrate disadvantage, 

moreover, points to the importance of including measures of economic inequality in 

studies on non-urban areas alongside concentrated disadvantage. Overall, the chapter 

addressed the research question of whether the same concepts predict crime across 

geographic areas. The analysis found overall support for the applicability of current 

criminogenic concepts beyond urban areas. However, the analysis also showed that the 

inclusion of additional indicators, such as economic inequality, and a more in-depth 

analysis of patterns within geographic areas might be needed to provide descriptions 

of high-crime areas and their characteristics for crime prevention approaches. 

Chapter 6 provided an alternative view on the two main questions of whether 

crime is concentrated across geographic areas and whether the same criminogenic 

concepts predict hot spots across geographic areas. The rich analysis in Chapter 6 

provided four key findings. The analysis found additional support (i.e. in addition to 

Chapter 4) that across geographic areas high-crime micro-places exist. Therefore, the 

study overall supports the assumption that hot spots policing approaches might be 

needed in non-urban areas. For example, even if areas have overall lower crime counts 
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or showed lower levels of crime concentration,36 such as the Rural geographic area in 

this study, the analysis shows that high-crime groups of street segments exist in these 

areas as well. And, in fact, levels of violent crime were on par in Rural high-crime 

street segments with high-crime micro-places in the city of Wilmington; drug crimes 

showed even higher levels in high-crime micro-places in Rural areas than in 

Wilmington. Second, the study identified different types of hot spots characterized by 

their crime composition and criminogenic profiles. Specifically, the analysis showed 

that crime-general hot spots (i.e. hot spots that are high for all three crime types) exist, 

in contrast to findings by some previous studies (Haberman, 2017). The novel view on 

crime in micro-places advanced in this chapter, moreover, showed that these profiles 

differ by geographic areas, mostly along rural-urban lines. The most urban areas 

consist of crime-general as well as crime specific hot spots, while more rural areas are 

characterized by crime-general hot spots. And, the study showed that the 

socioeconomic characteristics in crime-general hot spots differ between rural and 

urban areas as well. The third main contribution of this chapter was to controversies 

between absolute and relative deprivation theories. The findings in this chapter 

support the assumption that relative deprivation theory is appropriate for rural and 

absolute deprivation for more urban areas. The discussion of this finding also 

considered that both processes could be explained using fundamental cause theory. 

Finally, the chapter showed how important the inclusion of offender travel patterns 

into crime in micro-place research can be. The measure helped to distinguish 

 
 
36 Which could have been seen as an argument against the usefulness of hot spots 
policing approaches in those areas. But, it is not just about whether crimes are 
concentrated but also about the amount of crimes that is concentrated. 
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otherwise (i.e. based on opportunity and socioeconomic characteristics) almost 

identical micro-places with differing crime rates.  

7.3 Implications for Future Crime in Micro-Place Research 

These major findings have at least three important implications for future 

crime in micro-place research. First, the study clearly shows that we need to address 

crime concentrations beyond traditional-urban areas. For example, this study has 

found support for the assumption that crime concentrations in small cities show 

considerable variation. While this finding conforms with Hipp’s and Kim’s (2018) 

results for small cities in California, we still do not know why small cities show 

differing levels of crime concentrations. One possible systematization of types of 

small cities, which this study suggests, is one into small cities connected to metro 

areas and isolated small cities. Small cities are not all the same but differ in their 

socioeconomic and opportunity characteristics (Ocejo et al., 2020). Specifically, 

isolated small cities might often be more similar to towns and suburban areas 

regarding crime generators, while showing levels of socioeconomic disadvantage 

more comparable to other types of small cities. However, how well this 

systematization captures small cities across the US and whether the patterns of crime 

concentrations and opportunity and socioeconomic characteristics are similar to the 

two small cities studied here in Delaware remains an open empirical question. A better 

understanding and systematization of small cities might not only allow a better 

understanding of why crimes show differing concentrations across small cities but 

might also help develop more targeted interventions and ease the transferability of 

previous hot spot policing projects in small cities. 
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This study has also shown that we need to increase the comparability of studies 

on crime concentrations, especially, if we want to compare cities or geographic areas. 

Currently, crime in micro-place research relies on arbitrary definitions on where city 

boundaries are drawn or what is called a suburban area. Right now, city boundaries 

might include more or less suburban areas and since crime concentrations between 

cities and suburban areas differ, this might also impact comparisons of crime 

concentrations across cities. Oftentimes, the areas chosen might simply reflect which 

departments shared the crime data with the researcher. This study used a nationally 

available geographic area type classification that could become a new standard for 

defining geographic areas and would allow increased comparability across states and 

geographic areas. The use of comparable definitions of geographic areas would allow 

assessing whether differences in crime concentrations across, for example, studies on 

small cities reflect true differences or just differing definitions of what a small city is 

(e.g. Gill et al. 2017 use the term suburban to describe a type of area that Hipp and 

Kim (2017) cover under the umbrella of small cities). Most importantly, the 

systematization has also shown advantages over other approaches to define rural and 

urban areas that just focus on street segment length. The variation of crime 

concentrations not only along an urban-rural continuum but within more rural and 

urban area types, as well as the differences in criminogenic predictors of crime within 

more rural and urban areas, shows how a simple rural-urban definition would hinder 

an in-depth understanding of crime concentrations as well as how contextual factors 

impact these. However, the study has also shown that the current NCES classification 

is not perfect and local knowledge about regions is needed to parse out important 

refinements of the classification. While this issue might introduce some unique area 
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classification in some studies (e.g. Touristic areas in this study), consistent 

documentation of reclassifications would allow the reconstruction of the original 

NCES area classifications if needed for comparative purposes (i.e. the Touristic area 

corresponds to the Town-Distant original classification (see section 3.3)). 

This study has also shown that future research that aims at predicting high-

crime areas, specifically, if focusing on non-urban areas, needs to consider a wide 

range of criminogenic factors. First of all, the inclusion of crime composition as well 

as offender travel pattern appears central to predict crime in micro-places. The 

inclusion of crime composition in micro-places showed that there are distinct patterns 

of crime composition and criminogenic predictors that are not captured when crime 

types are studied in isolation. Similarly, offender travel patterns showed promise in 

providing an additional indicator that helps to explain differences in crime for 

otherwise similar micro-places. Travel patterns should, however, not be the only 

offender characteristics included in crime in micro-place studies. Other characteristics 

recorded in arrest data such as offender race, gender, or whether a gun was present 

should be included in future studies to draw out even more intricate profiles of hot 

spots. A very important offender characteristic to include, for studies on non-urban 

areas, might be the offender’s age. Crimes in rural areas, for example, drug use, are 

often associated with younger individuals who have fewer entertainment options and 

seek out kicks (Thurman & McGarrell, 2015). Accordingly, the inclusion of age-

specific patterns for more rural areas might be useful to assess whether youth-specific 

crime prevention programs are needed in specific crime hot spots. The inclusion of 

relative deprivation theory, on the other hand, in the current study has found mixed 

results. For rural areas, the concept seems, in general, better suited than for urban 
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areas but only for one type of rural area (Towns) was the concept predictive in the 

expected direction. The profiles outlined in Chapter 6 supported the assumption that 

economic inequality showed a closer association with rural high-crime micro-places. 

The analysis of concentrated disadvantage within geographic areas showed that an 

understanding of high-crime micro-places in rural areas through a lens of relative 

deprivation theory was more meaningful than the use of other concepts. While this 

indirect assessment of relative deprivation through the measure of concentrated 

disadvantage was persuasive, further research and new conceptualizations beyond the 

Gini coefficient to measure economic inequality might be useful as well.  

The discussion of the criminogenic concepts used in this study also pointed to 

another possible future direction for crime in micro-place research. The association of 

different measures of social stratification in rural and urban areas can be understood 

through the lens of fundamental cause theory. Research in this direction could include 

a focus on the multiple social problems associated with some crime hot spots. For 

example, in an intriguing recent study, Weisburd and White (2019) highlighted that 

crime hot spots are also hot spots for mental illness and other health issues. Their 

findings underscore the potential for crime in micro-place research to further advance 

a holistic understanding of social problems and conduct research that might be 

meaningful to diverse stakeholders in communities (Weisburd & White, 2019).37 

Accordingly, research that uses a wide range of contextual indicators as well as 

 
 
37 The hot spot profiles drawn out in this study would suggest that not all hot spots for 
crime are also hot spot for mental illness. There is little theoretical reason to belief that 
micro-places in shopping districts should also be associated with health issues of 
residents. 
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multiple outcome measures, including non-crime outcomes, might be central to the 

further advancement of crime in micro-place research. For complex conceptual 

frameworks, such as the one here suggested, crime in micro-place research needs also 

analyses methods that allow to capture the complex relations between multiple 

outcomes and diverse contextual factors. This study has clearly shown the importance 

of multi-trajectory models to replace or at least supplement the currently most 

prominent crime in micro-place research approach, group-based single-trajectory 

models. Multi-trajectory models allow us to account for multiple outcomes, such as 

different crime types in this study. But they could also include crimes as well as, for 

example, overdose deaths in hot spots. The analysis approach, moreover, has an 

affinity for in-depth latent class profiles as a second analysis step. In combination, 

these two data reduction strategies provide intuitively understandable descriptions of 

hot spots, their outcome compositions, as well as their associated place characteristics. 

The analysis strategy, moreover, showed advantages over traditional regression-based 

approaches and allowed a more refined understanding about which contextual factors 

were important for what types of hot spots. 

7.4 Implications for Hot Spots Policing 

So far, I have discussed the findings of this study in the context of crime in 

micro-place research. However, the overall aim of this study was to connect crime in 

micro-place research beyond urban areas to hot spot policing. In this section, I will 

discuss some of the implications for hot spots policing from this research project. I 

will discuss suggestions for interventions on chronic-crime hot spots and implications 

for problem-oriented policing (POP). Specifically, two questions arise: What are the 
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implications for hot spot policing in general? And, what are the implications for hot 

spot policing beyond urban areas? 

Prior research on hot spot policing had found support for its, overall, 

effectiveness (Braga et al., 2014, 2019), with some researchers and practitioners now 

calling only for an increased focus on refining predictive mechanisms (Hunt, 2019). 

However, several recent studies shave pointed out that we need to refine our 

understanding of what produces high-crime areas (Telep, 2017), and why certain 

approaches work in some cases and not in others (Groff et al., 2015; Haberman, 2015; 

Weisburd & Telep, 2014), and that we need new data sources and analysis approaches 

to refine our understanding (Telep & Hibdon, 2017). Additionally, as this study has 

pointed out, we need to assess whether what we know about hot spot policing and 

crime concentrations, more general, is applicable across geographic areas (see section 

1.1). This study can make three core contributions to these debates. First, the study 

helps to understand whether hot spots policing should be effective in non-urban areas. 

Since crime concentrations exist, we would expect that targeting high-crime areas in 

more rural geographies could be effective as well. However, this leads to the second 

main implication for hot spot policing. Some studies on urban areas have suggested 

that there is only very limited overlap between hot spots and argued that very targeted 

interventions are necessary. The analysis in this study helps to refine this suggestion 

for small cities and rural areas, and it proposes a focus on crime-general hot spots, 

especially, for non-urban areas. And, third, this study helps to refine current calls for 

mechanism-based approaches and the integration of new data sources and analysis 

tools into hot spot policing. Especially, the latent profiles this study has drawn out 

might be helpful for POP based approaches. 
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1. The findings from this study support the assumption that hot spots policing 

can be effective beyond urban areas. While the two small cities showed varying levels 

of crime concentration, the study supports prior findings that crime concentrations 

exist across small cities (Gill et al., 2017; Weisburd, 2015). Moreover, less urbanized 

areas show high levels of crime concentration as well. Accordingly, place-based crime 

analyses are relevant for police departments across geographic area types. This 

analysis has answered Weisburd’s and Telep’s (2014) call to empirically establish that 

crime concentrations, actually, exist in non-urban areas and, thus, to provide empirical 

support for the potential of hot spots policing in these areas. While, obviously, the 

existence of hot spots for police in many rural areas is not a surprise, the range of less 

urbanized areas that exist make this kind of basic research necessary. Moreover, the 

study has shown that average crime counts in high-crime areas are comparable across 

non-traditionally-urban geographic areas, a second pre-condition to make hot spots 

policing feasible in non-urban areas (Weisburd & Telep, 2014). The trajectory models 

showed, for example, that high-crime groups in Rural areas were about the same levels 

for drug and violent crimes, comparable even to small cities. These findings lead to 

the central question about the underlying mechanisms and whether these differ 

between rural and urban areas (Haberman, 2015; Telep, 2017; Weisburd & Telep, 

2014). 

2. A central concern of current research on hot spots policing is to establish 

why certain strategies do or don’t work for specific crime hot spots (Telep, 2017; 

Telep & Hibdon, 2017; Weisburd & Telep, 2014). The observed heterogeneity in 

treatment effects and the uncertainty about why strategies were effective or not has led 

researchers to propose a stronger focus on identifying the causal mechanisms 
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underlying effective hot spot interventions (Telep, 2017). One of the key issues to 

identify effective policing strategies is seen in classifying the hot spot types that 

interventions will target (Telep & Hibdon, 2017). Haberman (2017) suggested that 

there is only very limited overlap of hot spots for differing types of crime. The 

analysis in this study suggests, however, that across geographic areas small subsets of 

micro-places exist which are crime-general and which account for substantial amounts 

of all crimes across geographic areas. In more rural areas these crime general hot spots 

often pose the only high-crime areas while in more urbanized areas other hot spot 

types appear as well. These findings suggest that Haberman’s (2017) observations 

might be specific to large traditional-urban areas. Accordingly, hot spot policing 

suggestions that focus on only one crime type might be less appropriate for non-

traditional urban areas. In less urbanized areas, high-crime areas also appear to be 

defined by increased levels of exposure to crime generators as well as higher levels of 

socioeconomic disadvantage compared to other street segments in that geographic 

area. While some research suggests that these general high-crime micro-places might 

be targeted simply by increasing presence and enforcement in these areas (Telep & 

Hibdon, 2017), the outlined profile of opportunities and socioeconomic disadvantage 

in these areas cast doubt on this simple crime prevention strategy in non-traditional 

urban areas. Previous research has shown that simple optimizations of random patrols 

can be effective in reducing property crimes but are far less effective in reducing, for 

example, violent crimes (Telep, 2017). Moreover, these type of treatments are only 

effective for as long as they are repeated but show a quick decline in effects if 

treatments are discontinued (Sorg, Haberman, Ratcliffe, & Groff, 2013). In contrast, 

chronic high-crime areas, as identified using the trajectory models, might require 



 

 211 

treatments that account for the complex social conditions that contribute to the crime 

concentrations to bring about profound change in crime occurrences (Bjørgo, 2016). 

3. The most promising current hot spot policing approach, especially for 

chronic crime hot spots, is POP (Braga et al., 2014). While, as outlined, there is 

variability in the effectiveness of all hot spot interventions, POP approaches have been 

associated with the highest effect sizes as well as longer-lasting changes to crime in 

micro-places (Braga et al., 2014; Telep, 2017). POP is closely associated with the 

work of Herman Goldstein (Goldstein, 1979b, 1990). The basic approach simply 

revolves around the idea that the police identifies a specific problem, compiles in-

depth information about this issue, and finds a tailor-made response to the problem 

(Goldstein, 1979b, 1990). Goldstein, moreover, envisioned that responses would focus 

on preventive actions and that the police would consider interventions outside the 

criminal justice system and would involve and engage the impacted communities 

(Goldstein, 2018). This strategy is quite different from the initial promise of hot spots 

policing that police wouldn’t have to change what they are doing but just where they 

do it (Visher & Weisburd, 1997). Instead, POP requires that law enforcement has 

sufficient resources for crime analysis and community outreach, which police 

departments often don’t have (Telep & Hibdon, 2017; Telep & Winegar, 2016). 

However, many police agencies have corporations with other agencies and can draw 

on, for example, universities and research centers (Goldstein, 2018).  

Two key steps in POP approaches are the definition of the problem and the 

identification of stakeholders and community members to involve. This is where POP 

and crime in micro-place research naturally overlap. Focusing on specific high-crime 

micro-places within specific geographic areas already helps to refine the definition of 
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the problem. Specifically, the identification of chronic hot spots that have high crime 

rates over long periods might be a crucial first step for POP approaches. However, the 

identification of high-crime areas is insufficient for more complex hot spots policing 

approaches that go beyond, for example, optimizing foot patrols (Telep & Hibdon, 

2017). Effective interventions that target chronic high-crime areas require additional 

data sources and more holistic understandings of the crime problem in the hot spots 

(Telep & Hibdon, 2017). POP requires, for example, the a priori identification of the 

specific mechanisms that lead to the crime problem and suitable targeted 

interventions. This, in turn, requires in-depth descriptions of hot spots and their 

opportunity and socioeconomic characteristics. In-depth, holistic descriptions of hot 

spots are, moreover, important to communicate an understanding of the crime problem 

to other community stakeholders that goes beyond a more narrow traditional law 

enforcement perspective and invite the communities to suggest and envision a wide 

range of interventions (Goldstein, 2018).  

One of the main hindrances to POP hot spot approaches has been the limited 

availability of tools to guide crime analysts in providing starting points for dialogues 

with other stakeholders (Goldstein, 2018). Crime analysts involved in the problem 

definition processes for POP approaches might profit from undertaking a first analysis 

step that focuses on the identification of chronic high-crime areas and latent class 

profiles. Analyses, such as conducted in Chapter 6, have the potential to quickly 

provide an overview of the complex social issues surrounding crime hot spots.38 Basic 

information, such as those provided in the latent-class profiles, are otherwise often 
 

 
38 As outlined, an approach like this might be even more pressing in non-urban where 
we have less of a division into property crime hot spots and other crime hot spots. 
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collected through grassroots efforts to raise awareness of the social problems 

communities face (Payne, 2013). While these latent class profiles are no substitute for 

information about and definitions of the problems through the eyes of the impacted 

communities, they allow communicating that the police think about the problem 

holistically and they might communicate openness that invites creative interventions 

that go beyond law enforcement tasks. In fact, POP approaches have been most 

effective in addressing chronic crime areas by combining a multitude of law 

enforcement and, for example, social interventions around increasing opportunities for 

at-risk individuals or efforts to build resources to increase abilities for collective 

efficacy (Goldstein, 2018). The public availability of the data used in this study shows 

that, in theory, every crime analyst could compile these kinds of information for their 

respective jurisdiction and provide continued information to communities about crime 

hot spots. A second analysis step could then involve updated crime information that 

focus on more detailed temporal and spatial processes to identify concrete times and 

days at which the problems are most pronounced and develop a plan for classic hot 

spots interventions (Meijer & Wessels, 2019), while other community interventions 

are developed in parallel. 

Overall, analyses such as conducted in this study allow to profile hot spots and 

can provide a road map for interventions. For example, the identification of crime-

specific and crime-general hot spots and their differing opportunity and 

socioeconomic profiles might provide a baseline for a simple sorting mechanism of 

previous hot spots and POP interventions. Analog to, for example, Ratcliffe’s (2004) 

hot spot policing matrix which focused on spatial and temporal pattern and suggested 

specific policing strategies, latent class profiles could allow to build a matrix that 
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provides information about the most effective POP interventions for these crime-

general and crime-specific hot spot types. Future research could focus on 

systematizing POP hot spot approaches and for what types of hot spots in what 

geographic areas they have been effective. In parallel, more research on setups of 

successful POP approaches and what kind of information were available could help 

assess whether the latent class profiles need additional variables to cover community 

concerns and interests. Finally, an assessment of whether such tools as here suggested 

to systematize prior POP approaches and communicate complex information about the 

crime problems to wide audiences would be successful and, actually, wanted would be 

needed. 

Moreover, while there is reason to believe that some successful POP 

approaches might be transferable from traditional-urban areas to smaller cities as well 

as rural areas, POP approaches in rural areas might face unique challenges. These 

might range from fewer resources in rural police departments to conduct crime 

analysis to less formally organized communities and problems identifying appropriate 

stakeholders in rural areas (Donnermeyer & DeKeseredy, 2013; Thurman & 

McGarrell, 2015; Wells & Weisheit, 2004). While the overall profiles appear to 

suggest crime-general hot spots in less urbanized areas, there very well might be 

regional variations or differences between rural areas surrounding suburban areas or 

towns compared to more isolated areas. While this study suggests that hot spot 

policing can be effective in rural areas, there is limited information available on how 

the police in less urbanized areas think about place and crime and hot spots as well as 

limited information about successful POP approaches in less urbanized areas 

(Weisburd & Telep, 2014). A systematic review of POP approaches in non-urban 
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areas, as well as interviews with departments in non-traditional rural areas, seems 

pressing to improve hot spot policing beyond urban areas. 

7.5 Limitations 

There are several limitations to this study in its current form. First of all, while 

the data sources that I used in this study are in line with previous crime in micro-place 

research, they all have their limitations. The use of official crime data in crime and 

place research has a long tradition but remains heavily debated. Official crime data 

that designates offense locations can be biased due to policing practices (Robinson, 

1936; Short Jr & Nye, 1958). As previously outlined (see for example footnote 26), if 

police are disproportionately deployed into specific places there is a higher likelihood 

for crimes in these places to get noticed and recorded. For instance, the absence of 

drug offenses in specific places does not mean that no drug offenses occurr there but 

only that no offenses are known to police. Additional information, such as a data on 

victimization or other survey data on criminal offenses could here provide additional 

information. Moreover, if place based policing approaches are solely based on 

previous crime data the practices and data would create a feedback loop that might 

lead to inefficient crime prevention or it might even reproduce racial and class biases, 

as has been pointed out as concern regarding predictive policing. Overall, crime 

concentrations measured in this study, as in the majority of previous crime in micro-

place research, might be biased by current policing practices and the actual occurrence 

of offenses might be less spatially concentrated as these studies make it out to be.   

The data on socioeconomic information stems from the ACS. As part of the 

publicly available US Census data, this data is not available on the street segment 

level. Imputation strategies that use higher level data to estimate values, for example 
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of poverty, on lower levels have shown reliable results but still need to consider the 

possibility that the measured values do not accurately capture only the micro-place 

characteristics (Groff & Lockwood, 2014; Kim, 2018). Especially, for studies on 

crime and place we need to keep in mind that census tracts, block groups, and blocks 

have differing area sizes that depend mainly on population density since the Census 

tries to balance the population in each geographic unit. Accordingly, the higher level 

geographic units in less urbanized geographic areas have a higher likelihood to 

completely represent the values imputed to street segments if we use a service area 

approach with one consistent buffer radius for all geographic areas. However, as 

outlined alternative approaches to collect data directly on the micro-level come with 

their own problems, for example, these approaches would lower the comparability of 

studies since states and cities do not collect the same information or have different 

practices on how possible indicators, for example housing vouchers, are allocated. 

The opportunity characteristics used in this study come with four minor 

drawbacks. While the ReferenceUSA data has been used in several studies as well as 

is widely used by businesses to make investment decisions, there remains the 

possibility that the database does not capture all businesses and establishments or does 

not accurately record opening and closing dates of businesses (Kim, 2018). 

ReferenceUSA tries to confirm business information using direct calls as well as 

website inquiries. While there are no available better methods to collect these business 

information, they may, for example, be unable to reach an establishment due to other 

reasons than a business closure and the database might, accordingly, include some 

inaccurate business information. The second issue with the opportunity measures used 

in this study has less to do with the data but with the aggregate form in which it used. 
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While the indices allow to quickly assess whether the opportunity concepts are 

predictive of crimes and allow to avoid overloading the models with predictors in 

areas with rarer crime events and so to avoid biasing the standard error estimates, they 

might mix indicators that have associations with different crime types. For example, 

the crime generator measure captures retail businesses as well as casinos, but these 

two establishments are theoretically linked to differing types of crimes. Similarly, the 

measurement that a certain area is low on local guardianship is solely based on 

business locations. But, of course, police might be deployed in areas where no police 

station is located close by. And finally, some studies have suggested that not only the 

distance to a location, but also other business/establishment characteristics are 

impacting crime (Groff, 2014). For instance, both a casino as well as a fast food 

restaurant are counted in the same fashion in the current study, while, actually, the 

casino offers far more opportunities for offenses (i.e. more customers). Alternative 

approaches that take the amount of sales or employees into account have been 

proposed. Possible limitations of this approach link back to the accuracy of the 

ReferenceUSA business data and how well it captures these even more detailed 

information. 

While the study allows assessing crime concentrations across rural areas it has 

only done so for major crime types such as violent, property, and drug crimes. 

Research on further disaggregated crime types is necessary to compare crime 

concentrations across geographic areas in more detail. This is even more important 

since previous studies on traditional urban areas have shown that concentrations differ 

by crime types (see section 2.3.1). Whether the same pattern hold for non-urban areas 

is an open question that this study did not address. Due to the lower number of crimes 
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at each disaggregation step, these analyses would, however, have to rely only on the 

Poisson Gamma adjusted Gini and ignore changes over time. Still, this analysis would 

provide additional information about crime concentrations of different crime types 

across geographic areas. 

Moreover, the analysis undertaken in this study was static. While longitudinal 

data was collected and the conducted analysis focuses on crime over time, the 

associations with contextual factors were only assessed for data at one point in time. 

Adding an additional analysis dimension was beyond the scope of this project but will 

be central to future research to understand whether changes in contextual conditions 

impact hot spots across geographic areas in the same manner.
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Appendix A 

 LAND USE AND NCIC CLASSIFICATION 

Table 51: Reclassification of Delaware Land Use Data 
Land Use Group Land Use Detailed Category 
   Agricultural Clear Cut; Confined Feeding Operations/Feedlots/Holding; Cropland; 

Farmsteads and Farm Related Buildings; Herbaceous Rangeland; 
Orchards/Nurseries/Horticulture; Other Agricultural; Pasture 

   Commercial Airports; Communications – Antennas; Institutional/Governmental; Other – 
Commercial; Other Transportation/Communication; Parking Lots; Retail 
Sales/Wholesale/Professional Services; Utilities; Vehicle Related Activities; 
Warehouses and Temporary Storage 

   Forests and Fields Forests/Fields  
   Industrial Extraction; Industrial; Junk/Salvage Yards; Man-made Reservoirs and 

Impoundments; Marinas/Port Facilities/Docks 
   Mixed Use Mixed residential; Mixed urban or Built-up Land; Other Urban or Built-up 

Land; Transitional (incl. cleared, filled, and graded) 
   Recreational Recreational 
   Residential Mobile Home Parks/Courts; Multi Family Dwellings; Single Family 

Dwellings 
   Transportation Highways/Roads/Access Roads/Freeways/Interstates; Railroads; 

Waterways/Streams/Canals 
   Water Water 

  



 

 237 

  

Table 52: Crime Types Coding 
Crime Type National Crime Information Center (NCIC) Codes 
Violent Crimes  
   Homicides 0901–0908; 0910–0912 
   Human Trafficking 6411 
   Forcible Sex Offenses 1101-1115; 3601 
   Kidnapping 1001–1009; 1099 
   Robbery 1201–1211; 1299 
   Assaults 1301–1316; 1321-1323; 5215–5216 
Property Crimes  
   Arson 2001–2009; 2099 
   Burglary 2201–2205; 2207; 2299 
   Motor Vehicle Theft 2401-2405; 2408; 2412; 2499 
   Extortion/Blackmail 2101–2105; 2199 
   Larceny/Theft 2301-2316, 2407; 2410 
Drug Crimes  
   Drug/Narcotic 3501–3505; 3510–3513; 3520–3523; 3530–3533; 3540 –3543; 3550; 

3560–3564; 3570–3573; 3580–3583; 3599 
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Appendix B 

VIF AND CORRELATION TABLES 

Table 53: Overview of Variance Inflation Factors by Geographic Areas 

 
Wilmington Suburban-

Wilmington 
Dover Suburban-

Dover 
Towns Touristic Rural 

Crime 
Generators 2 1.27 1.49 1.78 1.4 1.81 1.87 

Public Places 1.2 1.18 1.4 1.27 1.11 1.16 1.07 
Local 
Guardianship 1.45 1.14 1.68 1.24 1.57 1.41 1.48 

Concentrated 
Disadvantage 3.82 1.79 2.7 1.74 1.8 1.67 1.87 

Residential 
Instability 2.53 1.33 1.11 1.15 1.12 3.48 1.28 

Economic 
Inequality 1.16 1.17 1.6 1.37 2.23 1.2 1.31 

% Black 
Population 2.28 1.79 2.17 1.7 1.69 1.66 1.28 

Total 
Population 1.08 1.2 1.17 1.33 1.39 3.59 1.17 

Crime Lag 1.8 1.66 1.93 1.63 1.99 1.65 1.73 
Mean VIF 1.92 1.39 1.7 1.47 1.59 1.96 1.38 
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Table 54: Correlation Matrix Wilmington. 
Wilmington Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.2877 1        

Local 
Guardianship 0.3883 0.2253 1       

Concentrated 
Disadvantage -0.1205 -0.1802 0.1774 1      

Residential 
Instability 0.4744 0.0884 0.3569 0.5138 1     

Economic 
Inequality -0.0979 -0.2109 0.2752 0.707 0.3496 1    

% Black 
Population 0.0988 -0.0389 -0.1019 -0.0831 0.0519 -0.1114 1   

Total 
Population 0.0704 0.0461 0.0907 -0.1489 0.1509 -0.0907 0.1543 1  

Crime Lag 0.1823 -0.0453 0.2215 0.5877 0.4993 0.3138 0.0473 -0.0658 1 
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Table 55: Correlation Matrix Suburban-Wilmington. 
Suburban-

Wilmington 
Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.2935 1        

Local 
Guardianship 0.2308 0.2053 1       

Concentrated 
Disadvantage 0.0605 0.0207 0.1226 1      

Residential 
Instability 0.1811 0.2387 0.1449 0.2508 1     

Economic 
Inequality -0.0248 -0.0716 0.0581 0.583 0.2104 1    

% Black 
Population -0.1021 -0.045 -0.142 0.1041 0.0875 0.3183 1   

Total 
Population 0.081 0.1441 0.0493 -0.0915 0.2669 -0.1917 -0.1102 1  

Crime Lag 0.3587 0.1814 0.2577 0.4716 0.3403 0.3063 -0.0943 0.0392 1 
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Table 56: Correlation Matrix Dover. 
Dover Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.324 1        

Local 
Guardianship 0.3452 0.4575 1       

Concentrated 
Disadvantage 0.2338 0.262 0.4238 1      

Residential 
Instability -0.0311 0.1303 0.0773 -0.0173 1     

Economic 
Inequality 0.1055 0.1238 0.2834 0.6774 0.1752 1    

% Black 
Population 0.0148 -0.1716 -0.2603 -0.3078 -0.0687 -0.2363 1   

Total 
Population 0.2346 0.3488 0.426 0.4732 -0.0507 0.1646 -0.2412 1  

Crime Lag 0.5222 0.3038 0.497 0.4827 -0.0197 0.3632 -0.1673 0.4237 1 
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Table 57: Correlation Matrix Suburban-Dover. 
Suburban-

Dover 
Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.3827 1        

Local 
Guardianship 0.3947 0.2946 1       

Concentrated 
Disadvantage 0.1243 -0.0613 0.0343 1      

Residential 
Instability 0.0347 -0.0136 -0.0036 0.3034 1     

Economic 
Inequality 0.1606 0.1255 0.0659 0.541 0.2181 1    

% Black 
Population -0.0915 0.0102 -0.076 -0.2705 0.0426 -0.0123 1   

Total 
Population 0.0603 0.1058 0.0103 0.2675 0.1754 0.3574 -0.3469 1  

Crime Lag 0.5889 0.2462 0.3245 0.1998 0.0254 0.2353 -0.1297 0.1261 1 
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Table 58: Correlation Matrix Towns. 
Towns Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.1902 1        

Local 
Guardianship 0.4141 0.1694 1       

Concentrated 
Disadvantage 0.2096 0.1185 0.3739 1      

Residential 
Instability 0.0413 0.1824 0.0947 0.2661 1     

Economic 
Inequality 0.1014 0.0791 0.2972 0.4902 0.1186 1    

% Black 
Population -0.0315 -0.127 -0.0284 0.0435 -0.0865 0.0322 1   

Total 
Population 0.1799 0.1138 0.3005 0.4985 0.1699 0.5443 -0.3802 1  

Crime Lag 0.4951 0.2226 0.5544 0.461 0.1035 0.3006 -0.1358 0.4409 1 
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Table 59: Correlation Matrix Touristic Areas. 
Touristic Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.308 1        

Local 
Guardianship 0.4913 0.2699 1       

Concentrated 
Disadvantage 0.0006 -0.036 0.0233 1      

Residential 
Instability 0.159 -0.0651 0.0392 -0.2923 1     

Economic 
Inequality -0.0692 0.0251 0.0043 0.517 -0.4654 1    

% Black 
Population -0.2038 -0.033 -0.1024 0.4451 -0.8118 0.4253 1   

Total 
Population 0.1901 0.0711 0.0867 0.1384 0.2493 0.0721 -0.2132 1  

Crime Lag 0.5784 0.182 0.4228 0.1012 0.1486 0.0502 -0.1482 0.2523 1 
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Table 60: Correlation Matrix Rural Areas. 
Rural Crime 

Generators 
Public 
Places 

Local 
Guardianship 

Concentrated 
Disadvantage 

Residential 
Instability 

Economic 
Inequality 

% Black 
Population 

Total 
Population 

Crime 
Lag 

Crime 
Generators 1         

Public Places 0.1849 1        

Local 
Guardianship 0.5448 0.1707 1       

Concentrated 
Disadvantage 0.1097 0.0614 0.0752 1      

Residential 
Instability 0.1823 0.1174 0.1263 0.0035 1     

Economic 
Inequality 0.091 0.0833 0.0959 0.4248 0.0585 1    

% Black 
Population -0.0585 -0.0306 -0.0362 0.1424 -0.2604 0.1972 1   

Total 
Population 0.2166 0.1631 0.1905 0.1363 0.4029 0.0917 -0.2303 1  

Crime Lag 0.6058 0.2114 0.4463 0.1824 0.2195 0.1449 -0.0267 0.2452 1 

 



 

 246 

Appendix C 

GROUP-BASED SINGLE-TRAJECTORY MODELS 

C 1. Wilmington 

C 1.1 Model Fit 

Table 61 shows that for the city of Wilmington a nine-group solution was 

selected for violent crimes, as well as property crimes, and a ten-group solution for 

drug crimes. Model fit for the violent crime trajectory models increased beyond the 

nine-group solution (see Table 61). However, the ten-group solution for violent crimes 

showed that the average posterior probabilities for one of the groups dropped below .7. 

Therefore, the nine-group model which showed a value of .7 for the lowest average 

posterior probability was selected even though the BIC showed an increased model fit 

for the ten-group model. The stability between the nice and ten group solution in the 

for the smallest class (this group in most cases identifies a very high-crime group) 

suggests that improvements for the ten-group model can be found in identifying 

another low-crime group with a differing trajectory from other low crime groups (e.g. 

a group with a small spike in a specific year or an overall slightly different shaped 

trend). The ten-group solution for property crimes in the geographic area of 

Wilmington found no feasible solution, while the nine-group solution showed an, 

overall, good model fit. The trajectory models for drug crimes showed a significant 

increase up to the eleven-group solution. However, both the average posterior 

probabilities for at least one group as well as the odds of correct classification dipped 
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below the established thresholds for acceptable model fit. Therefore, the ten groups 

solution was selected for drug crimes. 

Table 61: Overview Model Fit Statistics by Crime Type for Wilmington. 
Wilmington Distrib

ution 
K-classes - 
Polynomial 

Order 

BIC Lowest 
Average 
Posterior 

Probabilities 

Lowest 
Odds of 
Correct 

Classificati
on 

N (%) 
 Smallest 

Class 

Violent 
Crimes Poisson      

  -1 3 3 -32936.35 .95 118.54 589 (14.70) 
  -1 3 3 3 -31464.76 .94 47.41 166 (4.24) 
  -1 3 3 3 3 -30867.91 .91 23.45 27 (.69) 
  -1 3 3 3 3 3 -30624.18 .90 15.02 16 (.41) 
  -1 3 3 3 3 3 3 -30523.19 .78 14.84 16 (.41) 
  -1 3 3 3 3 3 3 3 -30458.65 .73 13.03 16 (.41) 
9 Group 
Solution  -1 3 3 3 3 3 3 3 

3 -30391.78 .71 12.03 7 (.18) 

  -1 3 3 3 3 3 3 3 
3 3 -30362.45 .68 10.96 7 (.18) 

Property 
Crimes Poisson      

  -1 3 3 -28776.75 .97 81.84 221 (5.62) 
  -1 3 3 3 -26785.30 .93 30.02 17 (.43) 
  -1 3 3 3 3 -26103.31 .90 23.58 13 (.33) 
  -1 3 3 3 3 3 -25622.47 .88 21.73 12 (.30) 
  -1 3 3 3 3 3 3 -25217.08 .87 17.03 11 (.28) 
  -1 3 3 3 3 3 3 3 -24884.10 .87 15.96 7 (.18) 
9 Group 
Solution  -1 3 3 3 3 3 3 3 

3 -24675.00 .86 15.94 7 (.18) 

  -1 3 3 3 3 3 3 3 
3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -22844.48 .98 44.66 309 (7.94) 
  -1 3 3 3 -21919.85 .95 25.37 53 (1.34) 
  -1 3 3 3 3 -21569.39 .84 24.56 43 (1.11) 
  -1 3 3 3 3 3 -21307.50 .85 12.20 34 (.85) 
  -1 3 3 3 3 3 3 -21087.02 .86 11.66 34 (.85) 
  -1 3 3 3 3 3 3 3 -21036.76 .76 12.87 27 (.69) 

  -1 3 3 3 3 3 3 3 
3 -20882.13 .73 12.42 34 (.85) 

10 Group 
Solution  -1 3 3 3 3 3 3 3 

3 3 -20751.34 .73 12.00 26 (.67) 

  -1 3 3 3 3 3 3 3 
3 3 3 -20716.71 .68 4.66 26 (.67) 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 
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C 1.2 Group-Based Trajectory Models 

Figure 23 shows the nine-group solution for the violent crime trajectory 

models in the small city of Wilmington. The figure shows that a majority of street 

segments had consistently low levels of crime with over 32% classified in the 

trajectory group without crime occurrences. Two groups, group eight and group 6, 

identify street segments with medium to medium-high levels of violent crimes with 

stable crime trends. Groups seven and group nine have average crime counts three 

standard deviations above the overall mean for the city of Wilmington and were 

classified as high-crime groups. Both groups show similar trends with a slight overall 

downward trend. These two high-crime trajectory groups makeup about 1% of street 

segments (40 segments) but account for about 12% of the total crime in Wilmington 

over the study period.  

 
Figure 23: Violent Crime Trajectory Model for Wilmington. 



 

 249 

Figure 24 shows the nine-group solution for property crimes in the small city 

of Delaware. Similarly, to the model for violent crimes, two high-crime groups at or 

above three standard deviations above the overall mean were identified. These two 

groups make up about 1% (43) of street segments, as for violent crimes, but account 

for about 35% of all property crimes over the study period. About 44% of street 

segments are grouped in then no-crime group. Group six, a high-crime group, shows 

an overall upward trend in violent crimes from about five crimes on average in 2010 to 

about nine in 2017. The dotted confidence interval lines indicate that this is a 

significant increase in this group. The model also identified three groups that in 2010 

(group seven), in 2012 (group two), and, in 2017 (group five) showed high crime rates 

but very low crime levels at almost all other points in time. Two low crime groups 

show for at least three years medium-high crime levels (groups eight and four). 
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Figure 24: Property Crime Trajectory Model for Wilmington. 

Figure 25 shows the ten-group solution for drug crimes. Group ten describes a 

high crime group with a steep decline from about fourteen drug crimes in 2010 to just 

about five in 2017. A second group (group 2) shows average crime counts at or above 

three standard deviations of the overall drug crime rates for six of the eight years—this 

group was also qualified as a high-crime group. These two groups identify a larger 

subsample of high-crime street segments compared to the violent and property crime 

models. The high crime group captures about 3% of street segments (115) and about 

33.5% of drug crimes over the study period. A high-crime group in 2010 and 2011 

(group seven) declined toward medium crime levels for most of the study period. 

Overall, most of the groups show stable or slightly declining average levels of drug 

crimes. The no-crime group captures over 50% of all street segments. 
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Figure 25: Drug Crime Trajectory Model for Wilmington. 

C 2. Suburban Wilmington  

C 2.1 Model Fit 

Table 62 shows that for the Suburban-Wilmington geographic are an eight-

group solution was selected for drug crimes, and a nine-group solution for property 

and violent crimes. Model fit for the violent crime trajectory models increased up to 

the nine-group solution. The ten-group solution for violent and property crimes did not 

converge and for both crime types, the nine-group models showed an acceptable 

model fit. The nine-group solution for drug crimes did not converge. The eight-group 

solution showed a good model fit based on the BIC posterior probabilities of the 

groups and the odds of correct classification. 
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Table 62: Overview Model Fit Statistics by Crime Type for Suburban-Wilmington. 
Suburban-

Wilmington 
Distributio

n 
K-classes - 
Polynomial 

Order 

BIC Lowest 
Average 
Posterior 

Probabilitie
s 

Lowest 
Odds of 
Correct 

Classificatio
n 

N (%) 
 Smallest 

Class 

Violent 
Crimes Poisson      

  -1 3 3 -94338.51 .98 41.54 742 (4.09) 
  -1 3 3 3 -87887.28 .94 13.57 231 (1.27) 
  -1 3 3 3 3 -86196.03 .90 9.40 99 (.55) 
  -1 3 3 3 3 3 -85692.71 .80 8.60 105 (.57) 
  -1 3 3 3 3 3 3 -84955.51 .78 6.92 50 (.28) 

  -1 3 3 3 3 3 3 
3 -84702.71 .73 7.92 48 (.26) 

9 Group 
Solution  -1 3 3 3 3 3 3 

3 3 -84409.55 .70 8.14 47 (.26) 

  -1 3 3 3 3 3 3 
3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Property 
Crimes       

  -1 3 3 -123503.98 .99 223.48 387 (2.10) 
  -1 3 3 3 -111694.60 .97 50.41 88 (.48) 
  -1 3 3 3 3 -107939.76 .92 33.75 81 (.44) 
  -1 3 3 3 3 3 -104238.11 .92 20.13 70 (.38) 
  -1 3 3 3 3 3 3 -100824.38 .92 11.38 51 (.28) 

  -1 3 3 3 3 3 3 
3 -99544.41 .92 24.18 74 (.40) 

9 Group 
Solution  -1 3 3 3 3 3 3 

3 3 -96165.13 .92 9.71 39 (.21) 

  -1 3 3 3 3 3 3 
3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -57237.40 .99 55.49 92 (.50) 
  -1 3 3 3 -54656.13 .95 23.17 91 (.50) 
  -1 3 3 3 3 -53377.88 .90 14.04 43 (.23) 
  -1 3 3 3 3 3 -52198.75 .90 16.00 42 (.23) 
  -1 3 3 3 3 3 3 -51460.89 .84 16.5 42 (.23) 
8 Group 
Solution  -1 3 3 3 3 3 3 

3 -50782.23 .86 14.93 5 (.03) 

  -1 3 3 3 3 3 3 
3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 
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C 2.2 Group-Based Trajectory Models 

Figure 26 shows the nine-group solution for the violent crime trajectory 

models in the Suburban-Wilmington geographic area. The figure shows that a majority 

of street segments had consistently low levels of crime with almost 50% classified in 

the no-crime trajectory group. Two groups, group nine and group eight, identify street 

segments with high levels of violent crimes with declining average violent crime 

counts (see Figure 26). The two groups makeup 1.2% of street segments (217) and 

account for 28% of total crimes between 2010 and 2017 in Suburban-Wilmington. 

Groups seven and four describe street segments with medium crime counts but 

diverging trajectories. While group seven was at about an average of four violent 

crimes in 2010 this declined to about two crimes in 2017. In contrast, group four 

started with low levels but reached the same medium level as group seven in 2017. 

 
Figure 26: Violent Crime Trajectory Model for Suburban-Wilmington. 
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Figure 27 graphically describes the trajectory model for property crimes in 

Suburban-Wilmington. Groups five and group nine show trajectories above three 

times the standard deviation and were classified as high-crime groups. The two groups 

makeup slightly less than 1% of crimes but account for 66% of all property crimes in 

Suburban-Wilmington. About 57% were classified in the no-crime group (see Figure 

5). Two crime groups (seven and six) show very low average crime counts for all 

years but 2010 (seven) and 2017 (six). And group eight saw a declining property crime 

count from medium-high level to begin of the study to medium levels at the very end. 

The other groups showed mostly stable low crime trends.  

 

Figure 27: Property Crime Trajectory Model for Suburban-Wilmington. 

 Figure 28 highlights the eight-group solution for drug crimes. The graph shows 

a very small group with just about five cases but between 35 to 50 average drug 
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crimes per year. Due to the low number of cases the confidence intervals for this 

group are rather wide and even though the group saw an overall increasing drug crime 

trend, these differences are not significant. A second group was classified as part of 

the high-crime grouping. Group seven at about ten drug crimes on average and a stable 

trajectory is above the three-standard deviations above the mean cut off. Group five 

showed levels above the threshold for high-crime groups at half the time points. Since 

the group identifies a rather large segment of 1.2% of total street segments, which 

corresponds to the highest medium group in the other trajectory models, these cases 

were not included in the high-crime group. Compared to these three groups, the other 

trajectory groups showed rather low levels of drug crime and the no-crime group 

accounts for 76% of all street-segments. 
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Figure 28: Drug Crime Trajectory Model for Suburban-Wilmington. 

C 3. Dover  

C 3. 1 Model Fit 

Table 63 shows that for the small city outside of major metropolitan areas in 

this study, Dover, a seven-group solution was selected for violent crimes, a nine-group 

solution for property crimes, and a six-group solution for drug crimes. Model fit for 

the violent crime trajectory models increased up to the seven-group solution (see 

Table 9). The eight-group solution was highly singular and, accordingly, the seven-

group solution which showed overall a very good model fit was selected. Similarly, 

the ten-group solution for property crimes and the seven-group solution for drug 

crimes were highly singular. The next best solutions for both crime types showed 

significant improvements over in the BIC over the previous models and the lowest 
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average posterior probabilities, as well as the odds of correct classification, showed a 

very good model fit for the nine and sex-group solutions respectively. 

Table 63: Overview Model Fit Statistics by Crime Type for Dover. 
Dover Distribution K-classes - 

Polynomial 
Order 

BIC Lowest 
Average 
Posterior 

Probabilities 

Lowest Odds 
of Correct 

Classification 

N (%) 
 Smallest 

Class 

Violent 
Crimes Poisson      

  -1 3 3 -
13850.57 .99 162.48 103 

(4.78) 

  -1 3 3 3 -
12603.94 .96 29.14 37 (1.70) 

  -1 3 3 3 3 -
12051.49 .96 21.32 6 (.27) 

  -1 3 3 3 3 3 -
11900.83 .90 11.85 6 (.27) 

7 Group 
Solution  -1 3 3 3 3 3 

3 
-

11848.95 .80 10.73 6 (.27) 

  -1 3 3 3 3 3 
3 3 Variance Matrix Non-Symmetric or Highly Singular 

Property 
Crimes Poisson      

  -1 3 3 -
18158.83 .99 2876.774 33 (1.51) 

  -1 3 3 3 -
15865.73 .96 91.37 22 (1.00) 

  -1 3 3 3 3 -
15404.86 .92 41.02 25 (1.14) 

  -1 3 3 3 3 3 -
14757.83 .93 24.49 20 (.91) 

  -1 3 3 3 3 3 
3 

-
14480.43 .92 16.10 20 (.91) 

  -1 3 3 3 3 3 
3 3 

-
14202.74 .92 14.11 20 (.91) 

9 Group 
Solution  -1 3 3 3 3 3 

3 3 3  
-

14045.61 .88 12.77 16 (.73) 

  -1 3 3 3 3 3 
3 3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -
10260.21 .99 325.84 67 (3.09) 

  -1 3 3 3 -9376.06 .97 86.77 20 (.91) 
  -1 3 3 3 3 -9007.63 .92 28.70 7 (.32) 
6 Group 
Solution  -1 3 3 3 3 3 -8906.95 .94 26.43 7 (.32) 
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  -1 3 3 3 3 3 
3 Variance Matrix Non-Symmetric or Highly Singular 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 

C 3.2 Group-Based Trajectory Models 

The seven-group solution for violent crimes in city of Dover (see Figure 29) 

showed a very similar pattern to the city of Wilmington (see Figure 23). Two high-

crime groups were identified. Group seven which makes up only about 3% of the 

street-segments in Dover shows a high stable trajectory. And, group six also identifies 

a group with a stable trajectory significantly higher than three standard deviations 

above the mean. Combines the high-crime group makes up 1.73% of the micro-places 

but accounts for about 35% of all violent crimes over the study period. The no-crime 

group, in contrast, accounted for over 50% of all street segments over the study period. 

Group four identifies a stable group with a medium level of violent crimes, while 

groups two, three, and five identify low crime groups with diverging trajectories (see 

Figure 29). 



 

 259 

 

Figure 29: Violent Crime Trajectory Model for Dover. 

Figure 30 shows the nine-group solution for property crimes in Dover. The 

trajectory models identified two high-crime groups with diverging trajectories. Group 

eight describes a group with very high average property crimes counts of about 30 

crimes in 2010 increasing significantly to roughly 38 crimes per year and street 

segment on average. Group nine describes a high-crime group with a declining crime 

trend. In 2010 the group exceeded the three standard deviations above the mean 

threshold for high crime groups and continued to do so, or fall on the threshold, until 

2014 (see Figure 30). Accordingly, for the majority of the study period, the group was 

a high-crime group and was classified as such even though for the 2015-2017 period 

the crime count corresponds to a medium crime group and was, in fact, exceeded by 
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another group in 2017 (group five). Combined these two groups account for about 

78% of all property crimes while making up only 1.6% of all street segments. The no-

crime trajectory group consists of 55.5% of all street segments over the study period 

(see Figure 30). 

 

Figure 30: Property Crime Trajectory Model for Dover. 

Figure 31 shows the drug crimes trajectory model for the city of Dover. The 

identification of the high crime group, again, required a decision about the inclusion of 

a trajectory group that did not exceed the threshold at all times. Group five of the six-

group trajectory model started below the three-standard deviation above the mean 

threshold for high-crime groups but was not significantly different from or exceeded 

the threshold from 2013 to 2017 (see Figure 9). Accordingly, group five was classified 
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as a high-crime group. Group six identifies another high crime group with an 

increasing trajectory. Comparable to the average crime levels of the highest drug 

crime group in the other small city in this study, Wilmington, the group started with 

about 15 crime per year and increased to levels more in line with the highest crime 

group in Suburban Wilmington at 48 crimes on average per year. The high-crime 

group in total makes up a larger percentage than for the previous geographic areas 

with about 2.9% and accounting for roughly 57% of all drug crimes over the study 

period. The no-crime group accounted for 73.1% of all street-segments while the 

remaining three trajectory groups describe low-crime groups with diverging 

trajectories.  

 
Figure 31: Drug Crime Trajectory Model for Dover. 
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C 4. Suburban-Dover 

C 4.1 Model Fit 

Table 64 shows the model identification process for the Suburban areas of the 

small city of Dover. The best-fitting trajectory model solution for violent crimes was a 

seven-group solution. An eight-group solution for property crimes was the best fit and 

a six-group solution for drug crimes. The seven-group solution for violent crimes 

showed an acceptable model fit. While the BIC increased from the seven to the eight-

group solution, the average posterior probabilities for one group dropped below the 

cut-off of .7. For the property and the drug crime model, the BIC increased 

significantly up to the selected model while in both cases the model with an additional 

group could not be identified. 

Table 64: Overview Model Fit Statistics by Crime Type for Suburban-Dover. 
Suburban-

Dover 
Distribution K-classes - 

Polynomial 
Order 

BIC Lowest 
Average 
Posterior 

Probabilities 

Lowest Odds 
of Correct 

Classification 

N (%) 
 Smallest 

Class 

Violent 
Crimes       

  -1 3 3 -
20526.51 .97 47.01 192 

(5.74) 

  -1 3 3 3 -
19309.36 .90 12.69 80 (2.41) 

  -1 3 3 3 3 -
18865.15 .87 9.89 14 (.40) 

  -1 3 3 3 3 3 -
18732.95 .81 8.08 8 (.24) 

7 Group 
Solution  -1 3 3 3 3 3 

3 
-

18681.00 .75 8.67 6 (.18) 

  -1 3 3 3 3 3 
3 

-
18591.85 .69 7.90 6 (.18) 

Property 
Crimes       

  -1 3 3 -
26570.87 .99 188.71 170 

(5.11) 

  -1 3 3 3 -
25000.21 .94 39.34 76 (2.27) 

  -1 3 3 3 3 -
23879.96 .93 23.42 60 (1.80) 
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  -1 3 3 3 3 3 -
23077.12 .94 18.10 60 (1.79) 

  -1 3 3 3 3 3 
3 

-
22227.79 .92 12.49 13 (.40) 

8 Group 
Solution  -1 3 3 3 3 3 

3 3 
-

21749.65 .92 12.35 13 (.40) 

  -1 3 3 3 3 3 
3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -
14980.74 .99 158.27 91 (2.73) 

  -1 3 3 3 -
13738.36 .98 36.45 21 (.63) 

  -1 3 3 3 3 -
13401.43 .91 28.69 22 (.65) 

6 Group 
Solution  -1 3 3 3 3 3 -

13102.34 .92 26.28 21 (.63) 

  -1 3 3 3 3 3 
3 Variance Matrix Non-Symmetric or Highly Singular 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 

C 4.2 Group-Based Trajectory Models 

The group-based trajectory model for violent crimes consists of two high-

crime groups (see Figure 32). Group seven identifies a small group (.2% of all street 

segments) with a very high average crime count, ranging between 27 and 15. The 

trend overall indicates a decline in violent crimes for this group. Group six describes a 

second high-crime group, significantly exceeding the three standard deviations above 

the mean threshold for all years, which shows a steadily declining average crime 

count. Combined, the high-crime group accounts for 1.76% of street segments and 

roughly 29% of violent crimes over the study period. Group four identifies a group 

with a stable trajectory at a medium level. The other groups identify street segments 

with overall lower levels of violent crime but different trajectories. Group one 

describes the no-crime group and covers about 40% of all street segments in 
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Suburban-Dover (see Figure 32). Overall, the pattern is very similar to the one found 

in the city of Dover. 

 

Figure 32: Violent Crime Trajectory Model for Suburban-Dover. 

Figure 33 describes the best fitting trajectory model for property crimes in 

Suburban-Dover. The no-crime group for property crimes captures about 52% of all 

street segments. The high-crime group, in contrast, consisted of two groups: group 

eight and group six. Group seven describes a very-high crime group with an increasing 

trajectory, from 17 crimes on average in 2010 to about 24 crime son average in 2017. 

Group six shows a trajectory that increased from medium-high levels in 2010 and 

2011 to high-crime levels for almost all subsequent years. For half the years in the 

study period, the average crime count is not significantly different from the high-crime 
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threshold and I decided to include group six in the high-crime category. This 

classification is consistent with patterns identified for the other geographic areas and 

should offer some easier comparisons across the small cities and their suburban areas. 

The two groups account for 3.15% of street segments and about 69% of property 

crimes over the study period. 

 

Figure 33: Property Crime Trajectory Model for Suburban-Dover. 

 Figure 34 shows the six-group solution for drug crime trajectories across street 

segments in the Suburban-Dover area. The trajectory model is the first that only 

identified one high-crime trajectory group. In this group, drug crime increased 

significantly between 2010 and 2017. From about eleven crime son average in 2010 to 

roughly eighteen or nineteen crimes in 2017 (see Figure 34). The trajectory group 
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captures just .6% of street segments and about 28% of drug crimes. Groups three and 

four identify groups with decreasing and increasing trajectories respectively that at 

least at one point over the study period shows average crime counts at the threshold. 

The remaining groups describe low-crime groups with the no-crime group accounting 

for 72.2% of all street segments. 

 
Figure 34: Drug Crime Trajectory Model for Suburban-Dover. 

C 5. Towns 

C 5.1 Model Fit 

Table 65 shows that for the Town geographic area a nine-group solution was 

selected for violent crimes, a seven-group solution for property crimes, as well as for 

drug crimes. For all three crime types, BICs increased up to the selected models. 
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However, the next higher group solutions were highly singular. The selected models 

all showed an acceptable (i.e. for violent crimes) or good model fit based on the 

average posterior probabilities and odds of correct classification.  

Table 65: Overview Model Fit Statistics by Crime Type for Towns. 
Small 
Towns 

Distribution K-classes - 
Polynomial 

Order 

BIC Lowest 
Average 
Posterior 

Probabilities 

Lowest Odds 
of Correct 

Classification 

N (%) 
 Smallest 

Class 

Violent 
Crimes Poisson      

  -1 3 3 -
33031.10 .97 55.21 337 

(5.95) 

  -1 3 3 3 -
30789.33 .93 17.82 89 (1.60) 

  -1 3 3 3 3 -
30178.80 .93 13.91 22 (.40) 

  -1 3 3 3 3 3 -
29825.78 .87 9.57 10 (.18) 

  -1 3 3 3 3 3 
3 

-
29671.16 .79 9.14 10 (.18) 

  -1 3 3 3 3 3 
3 3 

-
29588.91 .77 9.76 10 (.18) 

9 Group 
Solution  -1 3 3 3 3 3 

3 3 3 
-

29495.67 .71 6.33 10 (18) 

  -1 3 3 3 3 3 
3 3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Property 
Crimes Poisson      

  -1 3 3 -
42439.34 .98 172.35 258 

(4.65) 

  -1 3 3 3 -
39103.75 .96 48.05 43 (.78) 

  -1 3 3 3 3 -
37728.67 .93 29.88 51 (.92) 

  -1 3 3 3 3 3 -
36613.68 .94 19.46 21 (.38) 

7 Group 
Solution  -1 3 3 3 3 3 

3 
-

35582.93 .92 15.50 19 (.34) 

  -1 3 3 3 3 3 
3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -
24966.60 .98 114.74 168 

(3.00) 

  -1 3 3 3 -
22523.08 .96 39.40 30 (.54) 
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  -1 3 3 3 3 -
21933.87 .89 31.83 28 (.51) 

  -1 3 3 3 3 3 -
21484.78 .87 21.33 20 (.36) 

7 Group 
Solution  -1 3 3 3 3 3 

3 
-

21204.85 .84 25.02 18 (.33) 

  -1 3 3 3 3 3 
3 3 Variance Matrix Non-Symmetric or Highly Singular 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 

C5.2 Group-Based Trajectory Models 

Figure 35 shows the selected group-based trajectory model for violent crimes 

for the street segments in the as Towns classified geographic areas in Delaware. As in 

the majority of the previously presented models, the solution finds to high-crime 

groups. Both groups (groups seven and nine) identify stable high-crime groups. Group 

nine, however, has at almost all points in time about twice the average crime counts 

per street segment compared to group seven. Combined these two groups account for 

about 1.4% of all street segments and about 26.5% of violent crimes. Group eight 

identifies a medium-declining and group five a low-increasing crime group; the other 

trajectory groups identify groups for low-crime trajectories. The no crime group 

accounts for 55% of all cases. 
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Figure 35: Violent Crime Trajectory Model for Towns. 

Figure 36 shows the seven-group solution for property crimes in the Town 

areas. Again, two high-crime groups were identified. The two groups have diverging 

trajectories. While group seven highlights street-segments that have a very high 

average crime count and saw a significant increase over the study period, from about 

22 crimes to about 35 crimes per street segment and year. Group six, in contrast, 

shows a high crime group that starts out just about the high-crime classification 

threshold of about 6.5 property crimes per year but shows a decline below this 

threshold for the most recent two years. In 2017 this group has only the third-highest 

average crime count, below group two, a low-increasing trajectory group. The high-

crime groups combined account for roughly 12.4% of street segments and 74% of 
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property crimes in Towns. The no-crime group covers about 55.5% of all street 

segments.  

 

Figure 36: Property Crime Trajectory Model for Towns. 

Figure 37 shows the group-based trajectory models solution for drug crimes. 

The seven-group solution identifies two high-crime groups (i.e. groups six and seven). 

The two groups account for roughly 2.1% of street segments and 49% of drug crimes. 

The two groups show similar trajectories but different levels of crime. Group seven is 

a very high-crime group with an increasing trajectory, from about 15 crime sin 2010 to 

25 crimes in 2017. Group six also shows an increasing trajectory. For the first three 

years, the group was below the high-crime threshold of three standard deviations about 

the overall mean. But, for the most recent 5 periods, the average crime count was at or 
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above the threshold. The no-crime group for drug crimes in the Town geographic 

areas covers about 72% of all street segments. 

 
Figure 37: Drug Crime Trajectory Model for Towns. 

C 6. Touristic 

C 6.1 Model Fit 

Table 66 provides an overview of the modeling process for the group-based 

trajectory models in the Touristic geographic area. A six-group solution was selected 

for violent crimes, and seven group solution for property and drug crimes. The seven-

group model for violent crimes shows a significant increase in the BIC but the odds of 

correct classification for at least one group were below the cut-off of 5. Accordingly, 

the six-group solution, which showed acceptable model fit was selected. For the other 
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two crime types, the eight-group solutions were highly singular, and the seven-group 

model was instead selected. The seven group models for property and drug crimes 

showed an overall good model fit. 

Table 66: Overview Model Fit Statistics by Crime Type for Touristic Areas. 
Touristic Distribution K-classes - 

Polynomial 
Order 

BIC Lowest 
Average 
Posterior 

Probabilities 

Lowest Odds 
of Correct 

Classification 

N (%) 
 Smallest 

Class 

Violent 
Crimes Poisson      

  -1 3 3 -
16316.11 .98 32.42 130 

(3.45) 

  -1 3 3 3 -
15066.89 .93 11.71 31 (.78) 

  -1 3 3 3 3 -
14834.09 .88 5.99 20 (.52) 

6 Group 
Solution  -1 3 3 3 3 3 -

14690.10 .87 5.36 6 (.16) 

  -1 3 3 3 3 3 
3 

-
14638.58 .75 4.99 6 (.16) 

Property 
Crimes Poisson      

  -1 3 3 -
18131.73 .99 507.40 113 

(5.88) 

  -1 3 3 3 -
15940.48 .99 161.71 11 (.57) 

  -1 3 3 3 3 -
15190.29 .96 134.35 11 (.57) 

  -1 3 3 3 3 3 -
14586.58 .96 67.44 10 (.52) 

7 Group 
Solution  -1 3 3 3 3 3 

3 
-

14211.83 .95 37.15 10 (.52) 

  -1 3 3 3 3 3 
3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -6003.62 .99 75.64 18 (.93) 
  -1 3 3 3 -5538.68 .95 19.01 9 (.46) 
  -1 3 3 3 3 -5471.75 .86 26.12 9 (.46) 
  -1 3 3 3 3 3 -5302.19 .90 9.24 9 (.46) 
7 Group 
Solution  -1 3 3 3 3 3 

3 -5248.09 .86 7.22 9 (.46) 

  -1 3 3 3 3 3 
3 3 Variance Matrix Non-Symmetric or Highly Singular 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 
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C 6.2 Group-Based Trajectory Models 

Figure 38 shows the six-group solution for violent crimes in the touristic 

geographic areas. Two groups showed consistently crime counts above the three 

standard deviations above the mean threshold. Group six identified a small subgroup 

of just about .2%. This group shows stable levels of about 19 crimes per street 

segment and year. A second high-crime group, group five) also showed a stable 

trajectory. However, the average crime counts were only at about half of group-six. 

Combined these two groups accounted for .82% of all street segments in the Tourist 

geographic areas and roughly 28% of violent crimes. Group fours identified a group 

with medium crime levels and a stable trajectory. The no-crime group accounted for 

55% of all street segments. 

 
Figure 38: Violent Crime Trajectory Model for Touristic Areas. 
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Figure 28 shows the graphic overview of the seven-group trajectory model for 

property crimes in the Touristic geographic area. The no crime group accounts for 

61.5% of all street segments. Several low-crime groups show diverging trajectories, 

ranging into the high-crime and medium-crime levels at some points. Group 7 

describes a group that started out at levels just around the high-crime classification cut 

off but showed an overall declining trend and fell below the threshold from 2014 until 

2017. Since this group was rather large, 2.1% of all street segments, I decided to not 

include this group into the high-crime group. The only high-crime group accounts for 

.5% of all street segments in the Touristic areas and 47.96% of all crimes occurred in 

these street-segments. 

 
Figure 39: Property Crime Trajectory Model for Touristic Areas. 
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Figure 40 shows the seven-group trajectory solution for drug crimes in the 

Touristic geographic area. Two groups were classified as high-crime groups in this 

area—group seven and group six. The two groups combined account for just 1.4% of 

all street segments but concentrate 54% of all crimes in them. Group seven has an 

increasing trajectory from about thirteen drug crimes in 2010 to 26 in 2017 with a 

spike in the two most recent years. Group six has point estimates that lie for six of the 

eight years below the high-crime threshold. However, only for two of the years were 

the differences to threshold significant. 

 
Figure 40: Drug Crime Trajectory Model for Touristic Areas. 
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C 7. Rural 

C 7.1 Model Fit 

Table 67 provides an overview of the modeling process for the group-based 

trajectory models for the Rural geographic areas. A seven-group solution was selected 

for violent crimes, an eight-group solution for property crimes, and a six-group 

solution for drug crimes. The BIC for the violent crime trajectory models increased up 

to eight-groups. However, the average posterior probabilities for one group fell below 

the .7 cut off for acceptable model fit. Accordingly, the seven-group solution which 

showed acceptable model fit was selected. In the cases of property and drug crimes, 

the selected models showed a good model fit but the next high group solutions could 

not find a feasible solution.  

Table 67: Overview Model Fit Statistics by Crime Type for Rural Areas. 
Rural Distribution K-classes - 

Polynomial 
Order 

BIC Lowest 
Average 
Posterior 

Probabilities 

Lowest Odds 
of Correct 

Classification 

N (%) 
 Smallest 

Class 

Violent 
Crimes Poisson      

  -1 3 3 -
38365.82 .96 28.04 412 

(5.68) 

  -1 3 3 3 -
36774.88 .93 16.63 47 (.64) 

  -1 3 3 3 3 -
36195.07 .85 7.18 23 (.31) 

  -1 3 3 3 3 3 -
36003.97 .77 6.31 25 (.34) 

7 Group 
Solution  -1 3 3 3 3 3 

3 
-

35907.51 .71 5.64 28 (.37) 

  -1 3 3 3 3 3 
3 3 

-
35845.52 .67 5.36 28 (.37) 

Property 
Crimes Poisson      

  -1 3 3 -
62987.79 .99 164.49 602 

(8.18) 

  -1 3 3 3 -
59803.51 .95 87.66 414 

(5.65) 

  -1 3 3 3 3 -
57455.38 .93 24.52 200 

(2.72) 
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  -1 3 3 3 3 3 -
55255.02 .94 30.35 194 

(2.62) 

  -1 3 3 3 3 3 
3 

-
53831.61 .93 17.72 155 

(2.11) 
8 Group 
Solution  -1 3 3 3 3 3 

3 3 
-

53073.30 .90 25.47 177 
(2.39) 

  -1 3 3 3 3 3 
3 3 3 Variance Matrix Non-Symmetric or Highly Singular 

Drug 
Crimes Poisson      

  -1 3 3 -
23214.99 .99 62.22 85 (1.15) 

  -1 3 3 3 -
21601.25 .94 21.45 28 (.38) 

  -1 3 3 3 3 -
20953.51 .92 22.96 27 (.37) 

6 Group 
Solution  -1 3 3 3 3 3 -

20617.10 .83 24.00 27 (.37) 

  -1 3 3 3 3 3 
3 Variance Matrix Non-Symmetric or Highly Singular 

Notes: BIC’s closer to 0 indicate better model-fit; average posterior probabilities above.7 indicate good model-fit; 
lowest odds of correct classification above 5 indicate good model-fit. 

C 7.2 Group-Based Trajectory Models 

Figure 41 shows a graphical overview of the selected violent crime model. The 

no-crime group captures about 41% of all street segments in Rural areas. Three 

additional groups identify groups that show low to medium crime levels and varying 

trajectories over the study period. Group six identifies a medium crime group that for 

all time points ranges below the three standard deviations above the mean threshold 

for high-crime groups. Only group seven shows average crime counts above the 

threshold for all years. The trajectory of this high-crime group is stable at about ten 

crimes per street segment and year for all crimes. About .4% of all street segments in 

rural areas fall into this group and they account for about 11.5% of violent crimes.
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Figure 42 shows the eight-group solution for property crimes in Rural areas. The 

identified trajectories appear less stable than most previous models. Five groups show 

crime counts that at some point reach up to or beyond the high-crime threshold. 

However, four of these groups show low levels of crime for the majority of years. 

Only one group, group eight, ranges above the threshold for seven of the eight time-

points. This rather large group of 2.4% of street segments accounts for 48% of all 

property crimes in Rural areas. The no-crime group consists of about 69% of all street 

segments. 

Figure 41: Violent Crime Trajectory Model for Rural Areas. 
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Figure 42: Property Crime Trajectory Model for Rural Areas. 

Figure 43, finally, provides an overview of the six-group trajectory solution for 

drug crimes in rural areas. Again, only one group ranged above the high-crime 

threshold for the majority of time points. Group six captures about .4% of all street 

segments and accounts for about 28% of all drug crimes. The group shows an 

increasing trajectory from about ten drug crimes on average per street segments over 

each of the first three years and about twenty over the most recent three years in the 

study. Group five identified a group with medium-crime levels with an increasing 

trajectory, reaching the high-crime threshold in 2017. The other groups identify low-

crime groups with the no-crime group capturing roughly 77% of all street segments.  
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Figure 43: Drug Crime Trajectory Model for Rural Areas. 
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