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Abstract

Objective The current study proposes unique methods for apportioning existing census
data in blocks to street segments and examines the effects of structural characteristics of
street segments on crime. Also, this study tests if the effects of structural characteristics of
street segments are similar with or distinct from those of blocks.

Methods This study compiled a unique dataset in which block-level structural charac-
teristics are apportioned to street segments utilizing the 2010 U.S. Census data of the cities
of Anaheim, Santa Ana, and Huntington Beach in Orange County, California. Negative
binomial regression models predicting crime that include measures of social disorgani-
zation and criminal opportunities in street segments and blocks were estimated.

Results The results show that whereas some of the coefficients tested at the street segment
level are similar to those aggregated to blocks, a few were quite different (most notably,
racial/ethnic heterogeneity). Additional analyses confirm that the imputation methods are
generally valid compared to data actually collected at the street segment level.
Conclusions The results from the street segment models suggest that the structural
characteristics from social disorganization and criminal opportunities theories at street
segments may operate as crucial settings for crime. Also the results indicate that structural
characteristics have generally similar effects on crime in street segments and blocks, yet
have some distinct effects at the street segment level that may not be observable when
looking at the block level. Such differences underscore the necessity of serious consid-
eration of the issues of level of aggregation and unit of analysis when examining the
structural characteristics-crime nexus.
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Introduction

Criminology has paid much attention to how crime varies across areas. Most of these
studies have used Census defined boundaries (i.e., block, block group, or tract), and
revealed that crimes are spatially concentrated within certain areas. Moreover, the struc-
tural characteristics of such areas have been found to affect the amount of crime and
disorder. These structural characteristics include the level of concentrated disadvantage,
racial/ethnic heterogeneity, residential instability, and economic inequality (Hipp 2007a;
Sampson and Groves 1989; Warner and Pierce 1993). Yet, studies in the crime and place
literature argue that the unit of analysis in relation to crime should be narrowed to smaller
geographic units (i.e., buildings, addresses, clusters of addresses, block faces, or street
segments) than these Census defined boundaries. Although a clear rule for the appropriate
unit for studying crime has not been set, a considerable body of studies argues that the unit
of analysis should be smaller (Oberwittler and Wikstrom 2009; Taylor 1997; van Wilselm
2009; Groff et al. 2009).

Small units of analysis are both theoretically and methodologically preferred. Theo-
retically, they better measure the physical and social environment of residents. Residents’
behaviors are influenced by physical and social environment only insofar as they can
perceive these environments with their senses; these environments are arguably small
(Oberwittler and Wikstrom 2009). Small units of analysis are methodologically preferred
because they are less vulnerable to the risk of the aggregation bias. Aggregation bias, or the
modifiable areal unit problem (MAUP), refers to bias that can affect the statistical results
depending on the level of spatial aggregation employed. Because smaller units are more
homogenous, they can more properly measure environmental characteristics. In sum,
studies suggest that smaller units of analysis are better for the following reasons: (1)
criminological theories (i.e., criminal opportunities and social disorganization) have direct
relevance to understanding crime patterns at micro places; (2) it can minimize the
aggregation in the analysis—hence, the risk of ecological fallacy is reduced; (3) spatial
heterogeneity among the units of observation can be reduced relative to using larger units;
and (4) policing strategies related to, and the policy implications from, such studies will be
immediately actionable (Groff et al. 2010; Weisburd et al. 2012).

The census block is a small unit of analysis that has been widely used in studies of crime
and place. According to Weisburd et al. (2012), the Census block is defined as the four
block faces on a square street block. Census blocks have the advantage that they are the
smallest geographic unit to which the U.S. Census Bureau aggregates data from all housing
units. Studies revealed positive relationships between the number of robberies and pres-
ence of crime attractors and crime generators in and near a block (Bernasco and Block
2011; Kubrin and Hipp 2014), and property and violent crimes more frequently occur on
blocks with certain structural characteristics such as higher renter occupancy, more liquor
licenses, lower population density, and more crime on adjacent blocks (Raleigh and Galster
2014).

The street segment is another type of small unit of analysis that is frequently employed.
Weisburd et al. (2004a) defined a street segment as both sides of a street between two
intersections. Although existing studies have successfully revealed the importance of street
segment as a unit of analysis and identified the crime patterns at street segments, the
relationships between structural characteristics (i.e., poverty, residential instability, racial
heterogeneity, etc.) of street segments and crime have been less explored. This is mostly
due to the difficulty of data collection and measuring of structural characteristics of street
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segments; the few exceptions include a study that collected proxies for segment structural
characteristics from a number of alternative sources, with some proxies admittedly better
than others (Weisburd et al. 2012), and studies that evenly distributed the count data of a
block and summed for each contiguous street segment (Smith et al. 2000; Rice and Smith
2002). The challenge for scholars then is whether to utilize segment-level measures with
sometimes nontrivial measurement error, or whether for some measures a better strategy
would be to impute data from another set of small units (such as blocks). If the spatial
imprecision from relatively high-quality block-level data is less than the measurement
error in certain segment-level measures that are not high quality, such imputation may be a
better strategy. The present study explores the feasibility of this strategy.

Although street segments and blocks are both small units, street segments may be
theoretically justified because we expect people to interact with others who live on the
same street. There is less reason to expect residents on a block face to interact with people
on the one behind them which is part of the block but less visible than the block across the
street. Thus, a theoretical weakness of a block is that it assumes that people socially
interact with others on the street behind them, but not with those who live across the street
on the same street as them. However, studies have failed to assess whether the effects of
structural characteristics of street segments are similar with (or distinct from) those at other
small geographic units (i.e., Census block).The questions then are: (1) whether the theo-
retical justification of street segments over blocks are valid; (2) whether there exists a
distinction between the two small units (street segments and blocks) in terms of structural
characteristics, opportunities for crime, and thereby, patterns of crime; and (3) whether
blocks are a reasonable approximation of street segments given abundance of data at the
block level but difficulty of data collection at the street segment level.

To address these questions, the present study has four key goals. First, it proposes using
an imputation strategy to assign Census demographic data from blocks to street segments
(given the difficulty of collecting segment demographic data). Second, it compares two
different imputation strategies for apportioning the block data to segments. Third, it
examines the relationship of structural characteristics of street segments and crime. Fourth,
by comparing the same models of two different units (street segments vs. blocks) this study
evaluates if the structural characteristics distinctly affect crime depending on the small unit
of analysis employed. The study uses data for small geographic units in the cities of
Anaheim, Santa Ana, and Huntington Beach in Orange County, California.

Theoretical Background
Criminal Opportunities in Street Segments

Studies of crime and place frequently employ the theoretical frame emphasizing criminal
opportunities. This opportunity approach suggests that different community environments
create different criminal opportunities, the mixture of motivated offenders, potential vic-
tims, and the presence or absence of capable guardians (Cohen and Felson 1979; Felson
1987; Felson and Boba 2010). A major inquiry of this perspective is why some types of
situational and contextual factors might increase/decrease crime events.

Crime pattern theory (Brantingham and Brantingham 1993) argues that crime occurs in
certain patterns. These patterns are formed by routinized social, cultural, and economic
activities over time, and spatially constructed by social and physical nodes, paths, and
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edges. Specifically, Brantingham and Brantingham (1984, 1995) describe how individuals’
behavior interacts with the built physical environment and land use characteristics to
produce different patterns of opportunities for crime. They suggested that there should be
more criminal opportunities in busier places resulting in more inflow of people due to the
higher probability of having more potential offenders and victims present.

According to Brantingham and Brantingham (1995), the types of facilities present at
places are the important factors in shaping of the number and type of people who are
familiar with that place. Certain types of facilities (e.g., shopping centers, malls, schools,
hotels, etc.) are seen to be crime generators because they draw a large number of people,
some of whom may be potential offenders (Brantingham and Brantingham 1995). Thus, by
attracting more people to a place, crime generators facilitate an increase of the number of
potential offenders, as well as potential victims. Other facilities (e.g., drug markets, half-
way houses, bars, etc.) are classified as crime attractors because they have reputations for
criminal opportunities. Crime attractors are places that do not necessarily bring together
large groups of people at the same time, but their function makes them well suited for
motivated offenders to find attractive and weakly guarded victims or targets (Bernasco and
Block 2011, p.35).

Previous studies have suggested that the theories of criminal opportunities are more
applicable to micro places. Sherman et al. (1989) conceptualized the precise geographic
place for understanding crime as “a fixed physical environment that can be seen com-
pletely and simultaneously, at least on its surface, by one’s naked eyes.” (p.31). Brant-
ingham and Brantingham (1984, 1993) suggested that the mechanism of crime pattern
theory is more plausibly theorized at the micro level. They argued that routine activities
physically shape one’s activity space where people develop their awareness space. The
awareness space is spatially and temporally limited because people know only limited area
around their activity space. Therefore, it is more plausible to study criminal opportunities
at micro places such as street segments.

Social Disorganization Theory

Social disorganization theory underpins many studies of crime and neighborhood. The
intellectual starting point of the theory is that crime clusters in certain areas but not others.
It argues that disorganized neighborhoods have lower levels of informal social control,
which plays a key role in producing environments more favorable to crime. According to
the theory, structural characteristics such as poverty, residential instability, and racial/
ethnic heterogeneity are likely to have more crime producing influence (Shaw and McKay
1942). Specifically, such structural factors impede the sharing of common values and trust
among residents, thus decreasing the ability to maintain informal social control—ability to
regulate community itself (Bursik and Grasmick 1993; Bursik 1988; Kornhauser 1978;
Kubrin and Weitzer 2003). Therefore, informal social control in the form of informal
surveillance, communication, supervision, and intervention is thought to be the key
mechanism intervening between social disorganization and crime.

Although numerous studies of social disorganization theory have tested the relation-
ships between various structural characteristics and crime, less attention has been paid to
the theoretical importance of the geographical aggregation employed, especially at the
level of micro places. However, it is necessary to test the effects of various structural
characteristics on crime at the level of micro places such as street segments for several
reasons. First, as previous studies have suggested, the causal mechanisms of structural
characteristics vary in spatial scale (see Hipp 2007b; Taylor 2015). That is, structural
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characteristics differ in their effects based on the level of aggregation employed. For
example, Hipp (2007b) found that effects of racial/ethnic heterogeneity and economic
resources can differ in their effects by the geographical level of aggregation. Lee et al.
(2008)’s work on segregation also suggested that the social processes can vary by spatial
scales.

Second, social disorganization theory is also applicable to understanding crime patterns
at micro places. Barker (1963) coined the term “behavior setting” as a pattern of behavior
and social environment to explain the relationship between people’s behavior in a par-
ticular situation and the structural characteristics. Wicker (1987) viewed street segments as
small scale social communities (behavior settings) where people know each other, get
familiar with others’ routines, develop and share their own norms on street segments.
Moreover, street segments are as dynamic as other geographic units as people constantly
move in and out and land use keeps changing (Taylor 1997). Therefore, street segments
can be seen as communities that contain the characteristics of communities presented in
social disorganization theory. Thus, “if the street segment can be seen as a type of ‘micro
community,” then social disorganization theory would seem to have direct relevance to the
understanding of the criminology of place” (Weisburd et al. 2012 p.45). Scholars of
criminology of place, however, have somewhat neglected the importance of social disor-
ganization theory in empirical studies. A rare exception was a study attempting to collect
proxy data in street segments for several social disorganization constructs (Weisburd et al.
2012). Therefore, a necessary next step is to test the effects of characteristics of social
disorganization on crime at the street segment level.

Patterns of Crime and Structural Characteristics at Street Segments

Eck and Weisburd (1995) define micro places as specific locations within the larger social
environments of communities and neighborhoods. Such micro places are defined as
buildings or addresses, block faces, or street segments. A considerable body of literature
finds that crime is not randomly distributed but rather spatially concentrated at these
“micro” places regardless of the unit of analysis used (Eck et al. 2000; Eck and Weisburd
1995; Sherman et al. 1989; Sherman and Weisburd 1995; Taylor 1997; Taylor and Got-
tfredson 1986).

Among all definitions of micro places, the street segment is one of the most frequently
employed units. Previous studies, mostly done by David Weisburd, Elizabeth Groff, and
their colleagues, revealed a spatial concentration of crime at street segments (Groff and
LaVigne 2001; Groff et al. 2010; Weisburd et al. 2004a, b; Weisburd et al. 2012), and the
patterns of concentration are stable over time.

In addition to concentration and stability of crime patterns on street segments, studies
have revealed that there is street-to-street variability of crime levels, which leads to an
explanation of crime that may not be provided by studies using other units of analysis (i.e.,
block) (Weisburd et al. 2012; Groff et al. 2010). These findings suggest that within a
geographic area, there is spatial heterogeneity of crime patterns across street segments,
and, therefore individual street segments can have crime patterns that are unrelated to their
immediately adjacent streets.

Moreover, Weisburd et al. (2012) found that the patterns of street-to-street variability
are not only applicable to crime, but also to social structural characteristics. Specifically,
they found strong evidence of spatial heterogeneity of social disorganization (i.e.,
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residential property values, land use, racial heterogeneity, and physical disorder) and crime
opportunities (i.e., public facility related crime generators and attractors, residential pop-
ulation, business related crime generators and attractors, police and fire stations as capable
guardians, etc.) on nearby street segments. These findings suggest that data at the other
units of analysis (e.g., block, block group, and tract) might be inappropriate to capture the
effects of structural characteristics of small places and provide a basis for testing whether
geographic patterns of characteristics of street segments are related to patterns of crime at
street segments.

Thus, testing the underlying relationships between structural characteristics and crime at
the street segment level is necessary for the following reasons: (1) the characteristics of
places may encourage stability or change in crime; and (2) they would provide a basis for
testing the direct relevance of crime pattern theory and social disorganization theory for
understanding crime at street segments. More analysis of crime at the street segment level
from a much more comprehensive set of data—including the characteristics of streets—are
necessary. Moreover, it is important to examine whether the structural characteristics of
street segments are distinct or similar compared to another small unit of analysis—blocks.
To address this, the current study compares the same models at the street segment and
block level to see if the structural characteristics of street segments have distinct or similar
effects on crime compared to blocks.

In sum, the literature review points out that the existing research has successfully
revealed the patterns of concentration and variability of crime as well as structural char-
acteristics at the street segment level. Yet an intellectual gap still exists in that the effects
of structural characteristics of street segments on crime have rarely been tested. The
present study fills this gap by employing a unique method to apportion block level Census
2010 data to the street segment level, and tests the effects of structural characteristics on
crime at the street segment- and block levels. This study poses the following research
questions: (1) What are the effects of structural characteristics on crime when analyzed at
the street-segment level? (2) Are these effects distinct from or similar with those analyzed
at the block-level? and (3) Which and what types of structural characteristics predict crime
better at which level?

Data and Methods
Street Segment and Apportioning Census Block Data

The units of analysis of this study are street segments and blocks. Block level data are
derived from 2010 Census block data. The present study uses Census 2010 TIGER
(Topologically Integrated Geographic Encoding and Referencing) line shape files to create
street segments by splitting street lines at the points of intersections.' The study area is the

! This study excluded Amtrak/rail lines, shorelines, rivers, private streets, and highways. All other types of
streets having address ranges in which addresses can be geocoded were included. There exist random breaks
that often divide long street segments in Census TIGER line shape files. To deal with this issue, I dissolved
the lines by the street names to remove all the random breaks before splitting the streets at intersections to
get the street segments. A street segment is defined as a street from true intersection to intersection or when a
street changes names without a true intersection. Although random breaks were removed by dissolving the
street centerline file using street name, this process would not be a major concern for the data and analysis
because for the most of cases, street names change when crossing intersections, which means it is very
unusual that a street name just changes in the middle of a street.
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cities of Anaheim, Santa Ana and Huntington Beach in Orange County, California. I
selected these three cities based on the following reasons: (1) Anaheim and Santa Ana are
the largest cities in Orange County, California, and they are very similar in many ways
(i.e., population, racial composition, annual household income, etc.); and (2) Huntington
Beach has dissimilar characteristics compared to the other two cities, therefore providing
variety. Population of Anaheim, Santa Ana, and Huntington Beach is 336,265, 324,528,
and 189,992 (Census 2010) respectively, and the annual household income of Anaheim and
Santa Ana is $59,165 and $53,335, while that of Huntington Beach is $81,389 (2009-2013
American Community Survey 5-Year Estimates). Anaheim and Santa Ana have Hispanic/
Latino dominant racial composition (52.8 and 78.2 % of total population, respectively),
whereas Huntington Beach is a White dominant city (67.2 % of total population).

Although it is preferable to have data collected at the street segment level, such data are
hard to obtain. Instead, the present study apportioned the Census data of blocks contiguous
to each street segment in two ways: Simple Average (SA) and Segment Weighted Average
(SWA). Using the information of relationships between street segments and blocks, the first
method, SA, calculated the average values of Census data of blocks contiguous to the street
segment, which takes following form:

:% (1)

where N is the number of blocks associated with the street segment, and V; is the value of
the Census data for a given variable of block j associated with the street segment. As
shown in Fig. 1, a hypothetical street segment is associated with two contiguous blocks
(Block A and B).The SA method calculates the average values of these two blocks to
apportion the data of the blocks to the street segment. For example, in Fig. 1, if the percent
Hispanic/Latino in block A is 20.3 and that of block B is 15.6, the value of SA is calculated
as (20.3 + 15.6)/2, which is 17.95. This means that when employing the SA method, the
apportioned value of the percent Hispanic/Latino of this street segment is 17.95.

The second method, SWA, utilizes the number of residential land use parcels con-
tiguous to each street segment to refine these estimates. The decision to use the number of
residential parcels to apportion the Census block data is based on the fact that Census
respondents are typically a household member providing details of individuals residing in
the unit. To get the number of contiguous residential parcels for the street segments, I used
2008 Southern California Association of Governments (SCAG) land use data which pro-
vide the parcel-level land use information in Southern California.

As shown in Fig. 1, a street appears as a centerline. This street center line is located in
between the surrounding residential parcels residing in Census blocks. To properly capture
the association between parcels and segments, I drew a 50 foot buffer around each street
segment line so that each parcel can be linked to their associated street segment based on
their proximity to (or intersections with) the segments. The buffer distance, 50 feet, has
been set based on the Orange County Street Standard.”

Through this process, I identified which parcels belong to which blocks based on their
spatial locations. For example, in Fig. 1, a residential parcel, p/ has the block identification
of block A because pl has its centroid within block A, whereas parcel pl3 has block
identification of block B for the same reason. All residential parcels are associated with the
contiguous street segment and the blocks they are located within. Next, I aggregated these

SA

2 The standard width of local streets in Orange County ranges from 40-56 feet, roadway shall be 50 feet, and
parkway may be reduced to 5 feet.
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Fig. 1 Associations between street segment, residential parcels, and blocks

residential parcels to the street segment and block level. As shown in Fig. 1, I ended up
with segment/block combinations that refer to each side of the street. The entire process
allowed me to compute the number of residential parcels contiguous to each street segment
and the parcels’ associations with blocks on the sides of the street segment. For example, in
Fig. 1, the street segment has 21 identified contiguous parcels among which 12 of them
(p1-p12) are associated with block A while other 9 parcels (p13-p21) are associated with
block B.

With this information, I apportioned Census data of blocks contiguous to the street
segment by calculating the average values weighted by the number of residential parcels
associated with a street segment and belonging to the block, which takes following form:

Z_;vzl(Pj* Vi)

N
Ej:l Pj

where SWA represents Segment Weighted Average of block data, P; is the number of
residential parcels within the block j associated with the street segment, and V; is the value
of the Census data for a given variable of j block. For example, in Fig. 1, if the percent
Hispanic/Latino in block A is 20.3 and that of block B is 15.6, the value of segment
weighted average is calculated as ((12¥20.3) 4 (9%15.6))/(12 + 9) which is 18.28 percent.
This means that when using the SWA method, the apportioned value of the percent His-
panic/Latino of this street segment is 18.28.

SWA = (2)

3 For both of SA and SWA methods, each block was used multiple times to impute some of its charac-
teristics to the street segments. For example, as shown in Fig. 1, a typical block (Block A) is associated with
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It is important to highlight the assumptions of these two approaches. Each of these
approaches utilizes the data for a block and assumes homogeneity in distributing that
data to all the segments that overlap the block. Whereas the SA method equally assigns
that data to each overlapping segment (typically four), the SWA method weights the data
by the number of residential units on each segment overlapping the block by utilizing
land use parcels—these are smaller units that fall nicely within a block and are directly
associated with a specific street segment. Given its geographical proximity and associ-
ation with adjacent blocks, a street segment is not a completely separate line feature that
just borders blocks, but can be considered as an overlapping unit containing character-
istics similar to or different from those of the blocks. Therefore, the imputation method
employed in the current study is attempting to use a more principled approach to impute
information from blocks to segments. Additionally, a distinct characteristic of a street
segment is that it consists of “both faces” of a street between two intersections. Thus, I
imputed the Census data of the adjacent blocks into the street segment. Therefore, the
SWA method addresses the nuanced geographical characteristic of a street segment
(“both faces”) and the associations between street segments and blocks during the
imputation process.

It is worth considering that these imputation methods will have difficulties in instances
in which the structural characteristics of one street segment on a block are very different
compared to other segments of the same block. Given that blocks are also very small
geographic units, it may be reasonable to presume that very few blocks in a city will have
substantially heterogeneous structural characteristics across segments. Furthermore, such
heterogeneity would need to be systematically related to block characteristics to undermine
the ability of these imputation methods to detect general patterns between structural
characteristics and crime at the street segment level within a city (or cities). That is,
imputed data are typically utilized to estimate general patterns, rather than estimate values
for specific cases (in this case, segments). Nonetheless, I will return to this issue in the
conclusion.

The total number of blocks is 8532 and that of street segments is 20,586 in the three
cities (Anaheim, Santa Ana, and Huntington Beach). Of this total, I used only 5367
blocks—which have non-zero population —in the block-level models, with SA and SWA
imputations for the street segment models. So, I restricted my analyses and my SA and
SWA imputations to blocks with non-zero population. This decision was based on the fact
that blocks with zero population will have missing values on the other socio-demographic
variables. This decision eliminates the need to impute for missing socio-demographic data.
Census data of 5376 blocks were imputed into 12,913 street segments contiguous to the
blocks using the SA method, and into 12,762 segments using the SWA method. The
number of street segments using the SWA method is less than SA because SWA method is
based on the number of residential parcels within blocks. That is, the SWA method did not
include the blocks with no residential land use parcels during the imputation of block
values into street segments.

Footnote 3 continued

four street segments (a, b, ¢, and d) that border on the block. Therefore, in this case, the block was used four
times for data imputation to the street segments. For the SWA method, some residential parcels (about 10 %
of total 32,851), mostly those at the corners of the blocks, were double counted. Models using data in which
the parcels are not inflated in the totals (spatially joining the parcels to the nearest street segment) were run
and the results showed that the double-counting of parcels does not affect the overall findings.

@ Springer



76 J Quant Criminol (2018) 34:67-110

A limitation of the above imputation analyses is that I do not have a “gold standard”
measure of the actual values in the segment for the Census measure. Therefore, to provide
a more direct test of the validity of the two imputation methods, I constructed a measure of
average home values based on data actually collected at the street segment level and
included this measure in the models in place of the concentrated disadvantage measure.
Given that I did not have such data for my three cities in the study site, I instead utilized
land use parcel data from a city not in Orange County, but still in Southern California: the
city of Long Beach in Los Angeles County, California. The data were derived from the Los
Angeles County assessor office, and provide information of residential property value
(home value) of each parcel. This allows me to calculate the average home values of street
segments with actual street segment level data, and then to calculate the same values in
blocks.* T then use the SA and SWA imputation methods to place the block data into
segments, and compare the results to the actual segment values.

Dependent Variables

The dependent variables of this study are the number of crime incidents in 2010. Police
agencies reported incident crime data with geographic information. Crime events were
geocoded to latitude-longitude point locations using a geographic information system
(ArcGIS 10.2).° Then, each crime point was aggregated to street segments and blocks.
Crime events were classified into five Uniform Crime Reports Part 1 crime types:
aggravated assault, robbery, burglary, motor vehicle theft, and larceny. This study excludes
homicide because they are too rare on the street segments in 1 year to show variation
across the street segments and blocks.

Previous studies have excluded crime incidents that occurred at intersections for the
following reasons: (1) Because the events at intersections could be considered part of any
one of the participating street segments, there is no clear method for assigning them to one
or another; and (2) that incident reports at intersections differed dramatically from those at
street segments (Weisburd et al. 2012; Weisburd et al. 2014; Groff et al. 2010). However,
crime data for the current study show that characteristics of crime at intersections (about
1 % of all cases) are not different from those at street segments, thus dropping them might
bias results as it would incorrectly assume these crime events did not occur. Instead of
excluding all the crime incidents at intersections, I evenly distributed them to each con-
tiguous street segment. For example, a typical intersection where two roads cross has four
street segments. If a crime incident occurred on this intersection, each of four segments is
given 0.25 of a crime incident.

4 Block-level estimates of housing values were not obtained by joining points to streets and then aggre-
gating the street segment level data to blocks. Point-level data of home values were spatially joined to the
street segments and blocks respectively.

5 Geocoding was done in ArcGIS 10.2 using a specific geocoding locator for Orange County using 2013
Census TIGER line shape file. The geocoding locater used the following parameters: spelling sensitiv-
ity = 75, minimum candidate score = 10, minimum match score = 10, side offset = 0, end offset 1 %, and
Match if candidates tie = no. I used MapQuest open geocoding service and Google Earth Pro to geocode
not matched incidents after the geocoding process using ArcGIS 10.2. Geocoding hit rates for crime
incidents are 96.8 % (6038 of 5845) for Santa Ana, 96.8 % (9315 of 9621) for Anaheim, and 94.0 % (4725
of 5025) for Huntington Beach.
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Independent Variables

The structural characteristics at the street segment- and block-level are the independent
variables of the current study. This study combines two data sets: (1) 2010 U.S. Census
data, and (2) the Mint business data. To test the effects of social disorganization at the
street segment or block level, the current study includes Census indicators of the three
structural determinants of social disorganization as the independent variables. First, I
constructed a concentrated disadvantage index, which is a factor score computed after a
factor analysis of four measures: (1) % at or below 125 % of the poverty level; (2) %
single-parent households; (3) average household income; and (4) % with at least a
bachelor’s degree. The last two measures had reversed loadings in the factor score (Hipp
2010; Wo and Boessen 2016).6 Second, to measure residential stability, this study utilizes
the average length of residence. The present study accounted for the presence of racial/
ethnic minorities in street segments or blocks as the percent African-American and the
percent Latino/Hispanic. A Herfindahl index based on five racial/ethnic groups (white,
African-American, Latino, Asian, and other races) was computed to capture the level of
racial/ethnic heterogeneity which takes the following form:

N
H=1-) G (3)
=1

where G; represents the proportion of the population of racial/ethnic group j out of
N groups. This study also accounted for population (log transformed) of the street seg-
ments and blocks and the percent occupied units is used to measure vacancies.

Based on the idea that land use characteristics and the physical environment are
associated with crime opportunities, and that business facilities can be crime generators
and crime attractors of places, the current study includes the number of employees of
restaurants, schools, retail business, and the total number of employees. These measures
were divided by 1000 for interpretation reasons. The measures of number of employees are
used instead of the number of facilities because they are better proxy measures of (1)
existence of the business facilities, (2) the size of the facilities, and (3) the magnitude of
people moving in-and-out based on the assumption that larger business facilities tend to
have more employees, thus more customers visiting the location. Also studies suggest that
employees are expected to increase the number of suitable targets (Brantingham and
Brantingham 1995). However, victims in one context may become capable guardians in
another. To account for the effect of the presence of potential victims or guardians, this
study uses the measures of the number of employees as estimates.

Data on the number of employees are derived from the Mint business data. Mint
business data have information on business companies (what they do, who runs them, and
their structure). Specifically, it provides addresses of companies, types of businesses by
North American Industry Classification System (NAICS) code, the number of employees,
year of establishment, the business revenues, and etc. In order to obtain the information of
businesses, addresses of businesses in Sothern California were geocoded to latitude—

© Census data provide only the percent single-parent households variable at block level. To have other
variables for the concentrated disadvantage measure, I used an ecological inference technique. The variables
used in the imputation model were: percent owners, racial composition, percent divorced households,
percent households with children, percent vacant units, population density, and age structure (percent aged:
04, 5-14, 15-19, 20-24, 25-29, 30-44, 45-64, 65 and up). See (Kubrin and Hipp 2014).

@ Springer



78 J Quant Criminol (2018) 34:67-110

longitude point locations using a geographic information system (ArcGIS 10.2) and then
aggregated to street segments and blocks as done for the crime events.

Analytic Strategy

As shown in Table 1, since the dependent variables are counts of crime events in 2010
(aggravated assault, robbery, burglary, motor vehicle theft, and larceny), their distributions
are not likely to be normally distributed. In many situations, researchers use negative
binomial regression to estimates count models of crime (Hipp and Boessen 2013; Kubrin
and Hipp 2014; Moore and Recker 2013; Stucky and Ottensmann 2009). Accordingly, this
study used negative binomial regression that effectively deals with over-dispersion (Os-
good 2000). I recognize that the structural characteristics and the distribution of crime can
vary by three cities included in the models. Thus, I included fixed effects for cities (dummy
variables of cities) to assess whether there are significant differences by cities.’”

Research has emphasized the spatial dependence of areas in relation to the distribution
of crime (Anselin et al. 2000; Cohen and Tita 1999). This serves as an important reminder
that areas do not exist and function in impermeable spheres of their own; rather, they
coexist and mutually reinforce one another. Thus, it is important that ecological crime
studies address potential spatial autocorrelation. To account for this, this study includes
spatially lagged independent variables in the models. These measures were created based
on an inverse distance function with a cutoff at 0.25 mile around the block (beyond which
the areas have a value of zero in the W matrix).® The resulting spatial weights matrix
(W) is row standardized. This matrix is multiplied by the matrix of values in the blocks for
the variables of interests. As shown in Appendix Fig. 3, the 0.25 mile buffers of a street
segment and the contiguous blocks are geographically very proximate and overlapping
much each other. Therefore, it is plausible to think that the spatially lagged independent
variables of blocks and segments are highly correlated. Effectively, I used SA method to
construct the spatially lagged independent variables at the segment level. That is, the
average values of the block level data were apportioned at the street segment level using
the average of the buffer measures of blocks contiguous to the street segment.’

7 To test whether the independent variables have similar or different relationships across 3 cities, I esti-
mated separate models for each city employing three different aggregation strategies (SA, SWA, and Block).
I present the results in Appendix Table 8, 9, and 10. The results show that the social disorganization
components (i.e., concentrated disadvantage, average length of residence, and percent occupied) and the
criminal opportunities measures (e.g., number of retail employees) have similar effects on crime at both of
the street segment and block levels. The findings suggest that the effects of independent variables on crime
are generally similar across the three cities. To systematically assess the difference of coefficients across
three cities, I performed a series of joint tests on pairs of the cities. For example, I estimated a model with
just Anaheim and Santa Ana, and included a dummy variable for one city (e.g., Anaheim) and included
interactions between this city dummy variable and all other variables in the model. Given the large sample
size and thus statistical power, I employ an information criterion rather than a y? test. For all models, the
Akaike Information Criterion (AIC) values were higher when allowing the coefficients to differ across the
two cities compared to the model constraining them to be equal, suggesting that there are not systematic
differences in the coefficients across cities. Thus, the three-city-pooled models presented in the current study
are appropriate.

8 To empirically check whether distance matters for the spatially lagged independent variables, I ran the
models with 0.5 mile buffer measures. I found no substantial difference between the models with 0.25 mile
buffer measures and those with 0.5 mile buffers.

® Including spatially lagged independent variables in the models is a conventional and valid way to account
for spatial effects if theoretically justified. Anselin (2002) stated that it “does not require specialized
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I checked the Moran’s I values of residuals from the negative binomial regression
models including spatially lagged independent variables to assess if there is any additional
spatial autocorrelation in the residuals and found no such evidence. The Moran’s I values
of residuals in all models (SA, SWA, and block) were very small: always less than 0.03,
which is a very small correlation. The Moran’s I values for the crime types ranged from
0.024 to 0.06 suggesting some spatial clustering of crime events, which effectively dis-
appears after conditioning on the variables in the model.'®

Results
Results for Long Beach: Validation Tests

I begin by validating the two proposed imputation methods by comparing the correlations
of the average home values between SA, SWA, and the actual street segment data of Long
Beach, California. The correlations are very high. Specifically, the correlation between the
two imputation methods (SA and SWA) was 0.99, while the correlations between the
actual segment and SA, and SWA were 0.96 and 0.97 respectively. This implies that the
imputed values using the two methods are very similar to the actual street segment data.

Next, I estimated models in which I included log transformed values of the average
home values in the models in place of the concentrated disadvantage measure while
including all other independent variables. I compare the model using the actual street
segment data to those using the SA and SWA imputations for the property crime types in
Table 1 and the violent crime types in Table 2. In terms of the average home values, only
the results of property crime types are statistically significant. I visually display the sta-
tistically significant results by graphing the odds ratios in Fig. 2 for burglary, and
Appendix Figs. 4 and 5 for larceny and motor vehicle theft.

For all property crime types, I observe generally positive associations for average home
values that level off at the higher level. This pattern is more evident for the results of motor
vehicle theft. Importantly, the SWA and SA results are very similar to the models using the
actual street segment data. In sum, given the high correlations and the results of the
estimated models, the analysis confirms that the two imputation methods are generally
valid compared to the data actually collected at the street segment level; and there is no
substantial difference between the two methods.

Footnote 9 continued

estimation methods and ordinary least squares remains unbiased” (p.251). Florax and Folmer (1992) argued
that omission of spatially lagged independent variables is an important cause for spatially correlated
residuals. They empirically tested and revealed that the spatially dependent residuals can be remedied by
incorporating the omitted spatially lagged predictor variables into the model. Many studies in the field
address spatial dependence by including spatially lagged exogenous variables (Anselin 2003; Bernasco and
Block 2011; Elffers 2003; Haberman and Ratcliffe 2015; Hipp 2010; Kubrin and Hipp 2014; Morenoff
2003; Sampson et al. 1999; Wo 2014; Wo and Boessen 2016). I follow the lead of these previous studies by
including spatially lagged independent variables to account for spatial effects.

10 Although the Moran’s I values of residuals in all models were very small, the presence of spatial
autocorrelation can affect the standard errors in the models. Nevertheless, ignoring correlated spatial errors
will still yield consistent coefficient estimates (Anselin 1988: 59).
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Table 2 Models of the actual street segment, SWA, and SA for the violent crime types (Long Beach, CA)

Aggravated assault Robbery
SA SWA Segment  SA SWA Segment
Average home value (log), squared  —0.043  —0.043 —0.034 —0.224% 02297  —0.076
-1.3 —-1.27 —-1.37 —1.82 —1.65 —1.32
Average home value (log) 1.502 1.527 1.175¢ 6.264% 63417 2.347
1.61 1.61 1.76 1.97 1.77 1.56
Pseudo — r square 0.155 0.150 0.151 0.156 0.154 0.155
N 7913 7963 7963 7913 7963 7963

The rest of variables are controlled but not shown in the table
T-values are presented below the coefficient estimates
** p < .01 (two-tail test), * p < .05 (two-tail test), t p < .05 (one-tail test)

0.0003 -

0.00025 -

0.0002 -

0.00015 -

0.0001 -

Predicted Crime (Odds Ratio)

0.00005 - Segment

== SWA
=@==SA

o Ny N D D Yy Yy Ny o Yo s e e e e D
v, Yy o, R e e, oy, w6, Yy

Average Home Value (logged)

Fig. 2 Effects of average home values (logged) on burglary
Results for Anaheim, Santa Ana, and Huntington Beach

This study assesses whether there are distinct effects for the measures of structural char-
acteristics in micro units, and compares the results across different levels of aggregation—
SA, SWA and block. Table 3 presents the summary statistics for the variables used in the
analyses. As shown in Table 3, means and standard deviations of crime incidents in
segments are similar each other (SA and SWA), but different from blocks. This may
suggest that the crime distribution in street segments has a distinct pattern from blocks.
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Table 3 Summary statistics (2010)

Variable Segment (SWA) Segment (SA) Block

Mean S.D. Mean S.D. Mean S.D.
Outcomes
Aggravated assault 0.05 0.26 0.06 0.27 0.15 0.46
Burglary 0.25 0.85 0.30 1.10 0.77 1.69
Larceny 0.37 1.51 0.48 2.10 1.23 3.31
Motor vehicle theft 0.24 0.81 0.27 1.06 0.70 1.55
Robbery 0.05 0.28 0.07 0.33 0.18 0.54
Census data
Population (log transformed) 5.14 0.87 448 2.64 4.49 1.10
Concentrated disadvantage 0.00 8.76 0.00 9.47 0.10 9.18
Racial/ethnic heterogeneity 0.44 0.19 0.43 0.19 0.38 0.21
Average length of residence 11.28 5.25 10.88 5.27 10.46 5.80
Percent occupied 96.41 5.64 96.31 6.03 96.26 6.32
Percent Black 1.15 1.70 1.29 3.11 1.32 4.45
Percent Latino 41.00 31.44 41.92 31.98 47.23 34.86
Number of employees/1000
Restaurant 0.11 1.94 0.14 2.35 2.38 14.25
School 0.61 9.83 0.53 9.06 3.32 24.30
Retail 0.28 3.21 0.33 4.15 8.46 276.09
Total employees 6.56 355.35 7.09 350.92 60.02 753.01
Spatially lagged variables
Population (log transformed) 9.24 0.88 8.94 2.09 9.38 1.18
Concentrated disadvantage 0.00 8.91 0.00 9.38 0.10 7.37
Racial/ethnic heterogeneity 0.45 0.17 0.44 0.18 0.42 0.19
Average length of residence 10.63 4.06 10.20 4.15 9.82 4.13
Percent occupied 96.16 2.74 95.82 391 95.67 3.44
Percent Black 1.22 1.10 1.25 1.29 1.25 1.20
Percent Latino 42.79 30.63 44.55 31.25 49.29 32.02
Restaurant 151.88 627.47 176.59 1132.03 222.84 1537.06
School 210.12 502.43 184.26 476.42 248.58 597.12
Retail 327.79 545.08 294.73 541.43 438.52 816.60
Total employees 3126.39 9165.53 2845.16 8746.95 4327.36 12,056.35

SA Simple average of segments
SWA Segment weighted average of segments
N = 12,913 (SA), 12,762 (SWA) segments, and 4509 blocks across three cities

This is consistent with the findings of previous studies that there is a segment-to-segment
variability of crime which may be weaker in other units of analysis (Weisburd et al. 2012;
Groff et al. 2009). The coefficient of variance (the ratio of the standard deviation to the
mean showing the extent of variability in relation to the mean) shows that the imputed
segment variables using the SA and SWA methods have more variability than the block

measures.
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Table 4 Correlations between

the variables across the different ¥ 2Hables Block-SWA  Block-SA  SWA-SA

aggregating strategies Population (log transformed)  0.74* 0.78* 0.93*
Concentrated disadvantage 0.86* 0.88* 0.97*
Racial heterogeneity 0.88* 0.90* 0.97*
Average length of residence  0.85* 0.88* 0.97*

SA Simple average % Occupied units 0.50%* 0.72% 0.64%*

SWA Segment weighted average ¢, Black 0.60%* 0.75% 0.79%

Pearson’s R Correlations are % Latino 0.96* 0.97* 0.99%

presented * p < 0.05

Next, I would like to present the results of the two imputation methods (SA and SWA).
First, I turn to the relative quality of SA and SWA aggregating strategies by comparing the
correlations between SA, SWA, and block data. The correlation results are presented in
Table 4. Correlations between all three strategies are generally high. For example, the
correlation of average length of residence between SWA and SA methods is 0.97. This
implies that the imputed values using two strategies (SA and SWA) essentially are not
different. Also, the correlations of SA-block and SWA-block ranged from 0.5 to 0.97
which means that the patterns of structural characteristics are generally stable regardless of
unit of analyses employed. This seems reasonable because both blocks and street segments
are small units that tend to overlap. Interestingly, the correlations between blocks and
segments for the variables percent occupied units and percent black residents are relatively
lower than other variables. An implication is that the relationships between these measures
and crime may differ for street segments compared to blocks."!

Next, I present the negative binomial regression results over three cities (Anaheim,
Santa Ana, and Huntington Beach) for the property crime types in Table 5 and violent
crime types in Table 6. These tables describe the results for separate analyses of the street
segment measures using two forms of disaggregation (SA and SWA) and blocks. I turn first
to the measures of structural characteristics derived from the social disorganization tenets.
As shown in Tables 5 and 6, consistent with the findings of previous studies, concentrated
disadvantage generally exhibits positive relationships with all types of crime regardless of
the units of analysis used (SA, SWA, and block). Similar to the findings in previous
studies, average length of residence as a measure of residential stability generally has a
negative association with all types of violent and property crime. Specifically, as the
average length of residence in street segments increases by a 1 year, there is a 3.6 %
([exp(—0.0371) — 1]*100 = —3.6) decrease in larceny when the SA method employed,
with a 2.7 and a 1.45 % decrease in the SWA and block models respectively. A similar
pattern is observed for the measure of vacancies—percent occupied units. A one

" The lower correlations of percent black and percent occupied units are possibly the results of a “small
numbers effect” impacting percentages. To check this, I restricted the data by dropping the extremely low
values. I computed the correlations after excluding cases beyond the extreme 1 % of the distribution of each
measure. In terms of percent occupied units, the correlation between SA and SWA increased from 0.64 to
0.90, and that of SWA and Block slightly increased from 0.50 to 0.66, while the correlation of SWA-Block
remained unchanged. When it comes to the percent black measure, the correlations remained stable. Thus, it
is somewhat true that the lower correlations are simply because of a small numbers effect (i.e., the result of
percent occupied units between SWA and SA), but it still implies that the relationships between these
measures and crime may differ for street segments compared to blocks.
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Table 6 Types of violent crime for various aggregating strategies
Aggravated assault Robbery
SA SWA Block SA SWA Block
Census data
Population (log transformed) 0.252%* 0.315%* 0.486%* 0.056 0.144%* 0.409%*
4.26 4.99 10.54 0.98 2.28 9.41
Concentrated disadvantage 0.029%* 0.029%* 0.022%* 0.022* 0.012 0.012
2.99 3.04 2.79 2.38 1.25 1.58
Racial/ethnic heterogeneity —0.509 —0.603 0.525 —0.275 —0.037 0.481
—0.82 —0.98 1.32 —0.44 —0.06 1.26
Average length of residence —0.038** —0.030*  —0.008 —0.035%  —0.037** —0.013
2.7 —2.15 —0.84 —2.51 —2.63 —1.28
Percent occupied —0.024*  —0.019*  —0.008 0.002 —0.016%  0.010
—2.35 —2.37 —1.07 0.22 —1.99 1.29
Percent Black 0.026 0.005 0.021* 0.018 —0.026 0.012
1.42 0.15 2.17 1.09 —0.85 1.01
Percent Latino 0.006 0.007 —0.003 0.009 0.011% —0.003
1.01 1.14 —0.78 1.46 1.76 —0.7
Number of employees/1000
Restaurant 23.318*%*  24.405* 8.129%* 23.376*%*%  25.440%* 10.780%**
44 2.07 3.8 3.36 2.24 49
School 8.185%* 10.658**  3.189%* 8.388%** 11.025%*  4.521%%*
4.28 4.1 3.48 3.75 391 4.53
Retail 13.310%*  19.519%*  2.318" 37.947+*%  63.862%*  5.478**
3.74 3.02 1.91 6.31 6.78 4.73
Total employees 0.019 —0.003 0.011 0.014 —0.009 —0.038
0.21 —0.03 0.39 0.17 —0.09 —0.74
Spatially lagged variables (0.25
mile)
Population (log transformed) 0.488** 0.489%* —0.224*%*  0.162 0.355%* —0.255%*
3.99 3.78 —2.66 1.41 2.72 —3.07
Concentrated disadvantage 0.009 0.011 0.035* 0.027* 0.036* 0.041%**
0.66 0.75 2.32 1.98 2.3 2.8
Racial/ethnic heterogeneity —0.438 —-0.527 0.069 0.471 0.297 0.888"
—0.62 —0.74 0.13 0.65 0.41 1.68
Average length of residence 0.024 0.025 —-0.011 0.014 0.036 0.007
1.07 1.14 —0.63 0.66 1.57 0.43
Percent occupied —0.006 —0.022 —0.011 —0.005 —0.012 —0.013
—0.31 —1.24 —0.76 —0.27 —0.63 —1.03
Percent Black 0.100" 0.102° 0.094* 0.128%* 0.116* 0.122%*
1.96 1.86 2.32 2.66 2.19 3.18
Percent Latino 0.005 0.002 0.015%* 0.010 0.005 0.020%*
0.68 0.29 2.6 1.25 0.64 3.46
Restaurant —0.180 —0.137 0.035°%* —0.039 —0.044 0.022
—1.11 —1.01 2.19 —0.61 —0.58 1.35
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Table 6 continued

Aggravated assault Robbery

SA SWA Block SA SWA Block
School 0.022 0.012 —0.020 0.134* 0.156%* 0.109*

0.37 0.19 —0.36 2.44 2.66 22
Retail —0.053 0.012 —0.016 0.015 0.083 0.136%*

—0.69 0.15 —0.29 0.21 1.15 2.78
Total employees —0.005 —0.004 —0.004 —0.004 —0.002 0.002

—0.78 —0.64 -0.9 —0.69 —0.38 0.56
Intercept —6.530%* —5.713** —1.219 —6.155%%  —6.013%* —2.869"

—2.87 —2.58 —0.74 2.7 —2.64 —1.76
Pseudo-r square 0.127 0.143 0.134 0.140 0.146 0.151
N 12,913 12,762 4509 12,913 12,762 4509

T-values are presented below the coefficient estimates

*#* p < .01 (two-tail test), * p < .05 (two-tail test), Tp < .05 (one-tail test), City fixed effects (dummy
variables of cities) are included

percentage point increase in occupied units results in 1.2 % (SA) and 1.5 % (SWA)
decrease in motor vehicle theft in street segments and 1 % decrease in blocks.

Surprisingly, for the racial/ethnic heterogeneity measure, the statistically significant
coefficients of the street segment level models (both in SWA and SA) have the opposite
direction compared to the effects in blocks. While the results of the block level models are
consistent with the findings observed in previous studies (i.e., higher level of racial/ethnic
heterogeneity predicts more crime), the results of street segment models show the opposite
direction in general (higher level of racial/ethnic heterogeneity predicts less crime). For
instance, a one standard deviation increase in racial/ethnic heterogeneity results in a 12 %
([exp (—0.6756*SD) —1]*100 = —12.04) decrease of burglary in streets when the SA
method employed and a 11.6 % decrease using SWA. Likewise, a one standard deviation
increase of racial/ethnic heterogeneity brings about 20.3 % (SA) and 21.1 % (SWA)
decrease in motor vehicle theft in the segment.

This result suggests that the effects of racial/ethnic heterogeneity on crime at small units
might vary by the units of analysis used. The findings of social disorganization measures
confirm that there are some similar, but some distinct, effects of social disorganization on
crime at the street segment level compared to the block level. An important implication is
that social disorganization theory is applicable to explain the relationships between the
structural characteristics and crime at micro places such as street segments.

Next, I turn to the effects of the measures derived from crime opportunities of place theory.
As seen in Tables 5 and 6, the number of employees of businesses generally exhibit positive
relationships with all types of property and violent crime on street segments and blocks. This
supports the hypothesis that some types of businesses operate as crime generators as dis-
cussed above. For example, as shown in Tables 5 and 6, the effects of the number of retail
employees at the street segment level (SA and SWA) are positively associated with all crime
types. Specifically, a one person increase in retail employees in street segments results in
about 3.86 % (SA) and 6.59 % (SWA) increase of robbery in street segment.

To compare the effect sizes of coefficients in the models of street segments and blocks, I
calculated the ratios between the standardized coefficients of the SWA and block models
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Table 7 Ratio of SWA to block based on the standardized coefficients

Variables Ratio (SWA/block)

Burglary Larceny MV thef Agg. Assault Robbery

Population (log transformed) 0.44* 0.60* 0.68* 0.90* 0.54*
Concentrated disadvantage 2.79 2.78* 2.61% 2.24%* 1.94
Racial/ethnic heterogeneity OPP* OPP* OPP* OPP OPP
Average length of residence 8.91 3.80* 2.74% 5.64 5.27
Percent occupied 2.01%* 4.03 2.57* 3.92 OPP
Percent Black OPP 4.51 2.01 0.15 OPP
Percent Latino OPP 0.00 OPP OPP OPP
Restaurant 0.74%* 0.71%* 0.67* 0.73* 0.63*
Schools 2.76%* 2.66* 1.11* 2.40%* 1.93*
Retail 0.18* 0.21* 0.25* 0.17 0.27*
Total employees OPP 0.92 3.64 OPP 0.81

OPP Opposite signed coefficient
* Statistically significant both in SWA and Block models

(SWA/block). Standardizing the coefficients of the SWA and block models is more appro-
priate than comparing unstandardized coefficients given that the standard deviations differ for
blocks and street segments. The ratios are reported in Table 7. In terms of social disorgani-
zation variables, greater effect sizes are generally observed when tested at the street segment
level, except for the results of population. For example, the standardized coefficient of
concentrated disadvantage index in the SWA model of burglary is 0.1, while that of block
model is 0.036. For larceny, the standardized coefficients are 0.076 and 0.027 for SWA and
block respectively. Therefore, the magnitude of effect size of SWA is about 2.8 times larger
than that of blocks for burglary (Ratio = 2.79), and about 2.8 times as large for larceny
(Ratio = 2.78). Likewise, the effect size of average length of residence on motor vehicle theft
is nearly 2.7 times as larger when tested at the street segment level than the block level.

For the variables of the opportunities of place, the results are somewhat mixed. The effect sizes
of the number of restaurant employees of the street segment are less than those of blocks for all
crime types. For example, the effect of the number of restaurant employees on aggravated assault
is 27 % less for street segments compared to the block model. In contrast, it is observed that the
number of school employees has generally greater effects when the SWA strategy is used across
all types of crime except for motor vehicle thefts. For example, effect size of the number of school
employee on robbery in the SWA model is 93 % greater than that of the block model.

Next, I briefly describe the results of spatially lagged independent variables. The
concentrated disadvantage index and percent black indicate significant and positive
impacts on robbery no matter what unit of analysis is employed. Of the spatially lagged
independent variables of criminal opportunities, the number of school employees is pos-
itively related with robbery in both of the segment and block models. For the types of
property crime (burglary, larceny, and motor vehicle theft), percent occupied units have
robustly negative relationships with all types of crime regardless of the units of analysis,
while those of racial/ethnic heterogeneity have positive associations.

Finally, I employed a joint likelihood-ratio test to systematically determine whether the
estimated coefficients in the two different models at the street segment level (SA and
SWA) are statistically different from one another based on the y? statistic. This assesses if
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the structural coefficient differences between the samples created by SA and SWA
methods are significant. The result showed that the two data apportioning strategies do not
have significant differences in all models in Tables 5 and 6 across all types of crime. Thus,
the simpler approach appears to perform adequately, at least on these three cities.

Sensitivity Analysis

To check whether the SWA imputation method can be further enhanced, I employed
additional weighting by adjusting for the mean number of residents per household, which is
calculated by dividing the total block population by the number of households in the block.
By doing this, I enhanced P; in the Eq. (2), which takes following form:

S (R % Py V)
ZjN:I (Rj * Pj)

where R; is the mean number of residents per household in the block j, P; is the number of
residential parcels within block j associated with the street segment, and V; is the value of
the Census data for a given variable of j block. For example, in Fig. 1, block A has 12
residential parcels whereas block B has 9. If the percent Hispanic/Latino in block A is 20.3
and that of block B is 15.6, and if block A has a mean of 4 residents per housing unit, while
block B has only 2, the value of the enhanced SWA is calculated as
(4%12%20.3) 4 (2*9*15.6)/(4*12) + (2*9) which is 19.01. This means that when using the
enhanced SWA method, the imputed value of the percent Hispanic/Latino of this street
segment is 19.01 (Note that the value of the original SWA was 18.28).

To check the relative quality of SWA and the enhanced SWA methods, I calculated the
correlations between them. The results are presented in Appendix Table 11. Correlations
between the two different types of SWA strategies are very high. This implies that the
imputed values using the two methods are not substantially different. The negative bino-
mial regression results at the street segment level using the enhanced SWA method are
presented in Appendix Table 12. I observed that the results are fairly similar to the original
SWA. Finally, I employed a joint likelihood-ratio test to systematically determine whether
the estimated coefficients in the two SWA models (SWA and the enhanced SWA) are
statistically different from one another based on the y? statistic. The result showed that the
two data apportioning strategies do not have significant differences across all types of
crime, suggesting little gain from this additional complication.

Enhanced SWA = (4)

Discussion

This study attempted to verify the relationships between structural characteristics and
crime at the street segment and block level. The primary contribution of the current study
to the literature of crime and place is that it gives alternative ways to measure the structural
characteristics of micro places (i.e., street segment) by using a more principled imputation
of data of another small geographic unit of analysis (block). I have argued that this is
reasonable because a block is also a small unit that has proximate geographic association
with a street segment. The imputation methods employed in the current study do not just
simply assign the block data to street segments assuming that a street segment is nested
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within a single block, but rather give each segment heterogeneous traits by imputing the
structural characteristics of two or more different contiguous blocks into a street segment.

Scholars of crime and place emphasize that there are variations within larger units and
therefore micro locations should be analyzed for understanding crime. Importantly, there is
evidence that the patterns of crime in small places are tightly coupled with the structural
characteristics of places (Weisburd et al. 2016; Weisburd et al. 2012). However, it is
difficult to collect data at the street segment level, and the proxy measures employed in
previous studies sometimes have limitations. This study therefore attempts to provide an
alternative strategy by imputing relatively high quality data of another small unit (block)
based on its unique and proximate geographic association with a street segment. In doing
so, the current study contributes to the field of crime and place by advancing our under-
standing on the association between structural characteristics and crime in the micro places
(i.e., street segment). A general question is whether the crude proxies that are collected
specifically at the street segment level have more measurement error than the spatial
measurement error introduced by the spatial imputation techniques utilized here. I believe
that the current study contributes to the field by raising and trying to answer this question.
Moreover, the sensitivity analysis using point level home value data attempts to do this,
and found that the imputation methods work fine at least in the study area and for the home
values as proxy measures of socioeconomic status of the places.

Whereas most of the results are quite similar regardless of the unit of analysis
employed, a few were sometimes distinct. There were some unique patterns of crime in
relation to structural characteristics when looking at the street segment level compared to
the block level. This suggests that the issue of level of aggregation (unit of analysis) should
be considered more seriously when examining the relationship between structural char-
acteristics and crime. Although this suggestion is not completely new (Hipp 2007b), it has
rarely been tested using street segment level data. Therefore, a major contribution of this
study is to test the relationships between structural characteristics and crime at the street
segment level, and compare them to the block level. In doing so, this study introduces
unique methods to build a dataset of street segments by imputing Census block data to
street segments. This provides a reasonable approach for estimating structural character-
istics in street segments given the difficulty of actually collecting such data.

The results showed that some of the findings tested at the street segment level are
consistent with the results when aggregating to blocks, whereas a few were quite different
(e.g., racial/ethnic heterogeneity). For example, concentrated disadvantage has crime-en-
hancing effects across all types of crime no matter what unit of analysis is employed. The
measure of residential stability (average length of residence) and the measure of occupied
units are generally associated with lower crime rates. These measures of social disorga-
nization tend to have greater impacts on crime in the segment models (SA and SWA) than
in the block models. A notable implication is that the social disorganization perspective is
important in understanding the criminology of place, reinforcing the suggestion of the
previous studies (Smith et al. 2000; Rice and Smith 2002; Weisburd et al. 2012) that the
existing literature focusing almost exclusively on criminal opportunities in small places
might miss the patterns of social disorganization for better understanding crime.

The result of racial/ethnic heterogeneity is particularly interesting. For the property crime
types, heterogeneity increases crime in the block models, whereas it decreases the crime in the
street segment models. As shown in Table 2, given very high correlations of heterogeneity
between segments and blocks (the patterns of heterogeneity in segments and blocks are very
similar), this result supports that the relationship between heterogeneity and crime in street
segment is unique and distinct from that of the block level. Although this result is somewhat
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striking because it reputes the traditional argument of the social disorganization perspective,
it is not entirely new. Smith et al. (2000) also found that racial/ethnic heterogeneity was
associated with less robbery in street segments (they referred to them as face blocks).

Racial/ethnic heterogeneity in street segments may function in a different way compared
to blocks because of the appropriate scale of street segments. In social psychological liter-
ature, research on contact hypothesis emphasizes the potential benefits of diverse settings.
Specifically, it argues that social propinquity between ethnically dissimilar others foster an
identity that helps to reduce bias on diverse others, and thus build social ties and trust that
transcends group boundaries. In other words, face-to-face social interactions among
heterogeneous groups may be more conducive to develop knowledge-based trust and social
ties among dissimilar groups if they have more opportunities for direct social interactions.
(Gaertner et al. 1996; Pettigrew and Tropp 2006). Some empirical studies support that direct
social interactions actually help build general trust among racially heterogeneous groups. In
their study of neighborhoods in Detroit, Marschall and Stolle (2004) found that racial
heterogeneity was positively related to trust among residents, and social interactions in
heterogeneous places were more beneficial than more racially similar places.

These insights may be transferable to trust, social ties, and informal social control for
understanding crime in street segments. Because of the proper spatial scale compared to
blocks, residents in street segments may have more chances of direct social interactions to
know others, diminish bias, and develop social ties and trust overarching ethically dissimilar
groups. Such social ties and trust can help them have high level of informal social control to
keep the community safe. This dynamic pattern may not be captured when analyzed at the
block level. Therefore, an important implication is that researchers should pay more serious
attention to level of aggregation issue particularly when testing the relationship between
racial/ethnic heterogeneity and crime. Also, future research will want to explore the specific
mechanism how racial/ethnic heterogeneity in street segments works different from blocks.

The results of the criminal opportunities measures are consistent with theoretical expectations.
They exhibited strong effects in both the street segments and blocks models. This is consistent
with previous studies that found various measures of retail and commercial businesses are
associated with higher crime rates (Bernasco and Block 2011; Smith et al. 2000; Wilcox et al.
2004). Notably, these relationships were somewhat smaller at the street segment level compared
to the block level. This implies that although criminal opportunities of street segments are
important contexts for understanding the location of crime, using street segment as a unit of
analysis is not necessarily the most effective choice to capture the patterns of criminal oppor-
tunities in the area. Overall, the results of this study reinforce the importance of incorporating land
use characteristics to capture criminal opportunities when studying place and crime.

Although the imputation methods proposed in the current paper make homogeneity
assumptions in imputing data from blocks into street segments, an important finding is the
analysis that compares the SA and SWA imputed data to the gold standard data using point
level residential home values. The correlations of these imputed data with the actual data
were extremely high (above .96), and the models using the imputed average home values
obtained very similar results to the models using the actual street segment data. This
finding is consistent with the idea that the two imputation methods are valid for estimating
structural characteristics in street segments given the difficulty of data collection at the
street segment level. Also, I observed no substantial difference between the two methods,
thus the simpler method was effectively preferable.

Although the results demonstrating effective imputation of home values from blocks to
segments are important, it is worth acknowledging that such satisfactory performance may
not occur for all possible measures. In general, the imputation techniques will work best when
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structural characteristics are more homogeneous with blocks, or at least do not exhibit sys-
tematic heterogeneity. It is plausible that residential property values on one side of a block are
not substantially different from those on the other side of the same block, on average. For the
same reason, we may expect to see similar patterns when the imputation methods employed
for the measures of housing and residence related structural characteristics (i.e., average
home values, average rent, percent home owners, percent occupied units, the number of
housing units, percent single family housing units, etc.). Although it is not clear what types of
measures might systematically vary across the segments within blocks, researchers would
need to be alert to this possibility. Future work should explore collecting segment-level data
to assess whether certain measures indeed vary consistently across segments within a block.
I acknowledge some limitations to this study. This study is designed as cross-sectional. A
challenge with studying the relationships between structural characteristics and crime is the
possibility of endogeneity. In other words, it is likely that the structural characteristics of the
present can be affected by crime of the past. Indeed, Hipp (2010) found that neighborhoods
with more crime are likely to experience changing structural characteristics (i.e., increasing
levels of residential instability, concentrated disadvantage, a diminishing retail environment,
and more African Americans) 10 years later. If this is a reciprocal relationship, an implication
is that a cross-sectional design may actually find how crime affects structural characteristics
rather than the reverse. To date, little is known about the relationship between the life course of
crime hot spots and the actual life cycles of structural characteristics of street segments (or
blocks). Therefore, future studies will want to utilize longitudinal data to capture and reflect:
(1) how crime at the previous time point brings about changes in criminal opportunities and
social disorganization at the current time point; and (2) How the changes of structural char-
acteristics over time impact changes in crime. Such work can contribute to reveal the com-
plexity of time—space convergence at small places that occurs from the characteristics of place,
the structure of street network, and the routine activities of residents (Groff et al. 2009).
Also, for the SWA method, I did not distinguish between single and multi-family units
when using residential parcels. Although counted as one, a multi-family unit often has more
residential population compared to one unit of single family parcel. Yet, the sensitivity analysis
of the enhanced SWA indirectly addressed this issue to some extent; and the results suggest
that accounting for the number of housing units and residential population makes no substantial
difference when imputing the block data to street segments. Another limitation is that although
the models identify the effects of structural characteristics of street segments and blocks, the
exact mechanisms bringing about such relationships are beyond the scope of the present study.
The findings have implications for public policy as law enforcement should consider hot
spot policing, which has been found to be effective (Braga 2005; Braga et al. 2001; Sherman
and Weisburd 1995; Weisburd and Green 1995). Since social disorganization and criminal
opportunity measures at small places (street segments and blocks) are related to crime, it is
reasonable to expect that crime will cluster at certain street segments and blocks as well as the
surrounding areas. Therefore, law enforcement should consider increasing the number of patrol
officers and the level of surveillance specifically targeting these places in order to reduce crime.

Conclusion
Although previous studies have provided valuable insight, they have typically not exam-

ined the relationships between crime and structural characteristics of street segments. The
first contribution of the current study is to expand understanding regarding the nexus of
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structural characteristics and crime by testing this at the street segment level. Second, since
the current study employs unique spatial techniques to apportion the block-level data to
street segments, it provides an alternative method to construct data at the street segment
level.

The results from the street segment models suggest that the structural characteristics
from social disorganization and criminal opportunities on the street segments may operate
as crucial settings for crime. I compared these findings with those of the block models and
found that structural characteristics have generally similar effects on crime in street seg-
ments and blocks. However, I also found some distinct effects at the street segment level
that may not be observable when looking at the block level. Moreover, the results reveal
that theories of social disorganization as well as criminal opportunities are applicable to
studying relationships between crime and structural characteristics of places (street seg-
ments and crime). Specifically, the effects of social disorganization measures are stronger
in magnitude when tested at the street segment level, whereas criminal opportunity vari-
ables have greater effect sizes when tested at the block level. Such differences underscore
the necessity of serious consideration of the issues of level of aggregation and unit of
analysis when examining the structural characteristics-crime nexus.

Appendix

See Figs. 3, 4 and 5, Tables 8, 9, 10, 11, 12.

f { H Block A Block B 4

. .

Legend

A Centroid of street segment
®  Centroids of blocks

—— Sireet segment

0.25 mie buffer of street segment
{1 025 mie bufter of BlockA
{7777 025 mie buffer of Block B

[:] Blocks

Fig. 3 Associations between 0.25 mile buffers of street segment and blocks

@ Springer



J Quant Criminol (2018) 34:67-110 95
0.12
0.1
o
3
& o008
(%]
©
©°
<}
]
£ 0.06
—
o
Eel
(]
k3]
= 004
g
o
0.02
== SA
= SWA
0 == Segment
2 2 2 2 2 4 4 4 2 2 e 2 2 % 2 2
Yy Y % N VN W % % VN Y S % 2
Average Home Value (logged)
Fig. 4 Effects of average home values (logged) on larceny
0.014
0.012
)
2 o001
©
o
(%]
il
5 0.008
]
£
—
O 0.006
Eel
[]
ot
2
he)
@ 0.004
(=9
0.002
= Segment
== SA
0 —#— SWA
2 2 2 Z Z e 2 2 2 2 2 2 2 2 % 2
R, Ry R, R e R, R, R, Ry v N, N, B, b 2

Average Home Value (logged)

Fig. 5 Effects of average home values (logged) on motor vehicle theft

@ Springer



96 J Quant Criminol (2018) 34:67-110

Table 8 SA models for each city (Anaheim, Santa Ana, and Huntington Beach)

Agg. Assault Burglary  Larceny MV theft  Robbery

Anaheim
Census data

Population (log transformed) 0.148 0.076 0.130%* 0.222%* 0.066
1.546 1.453 3.265 3.503 0.661
Concentrated disadvantage 0.041%* 0.026%** 0.026%* 0.021* 0.039*
2.578 3.042 4.012 2.027 2.389
Racial/ethnic heterogeneity 0.170 —1.121* —0.964* —1.380" —0.421
0.144 —2.021 —2.232 —1.887 —0.334
Average length of residence —0.041% —0.029* —0.031*%*  —0.063** —0.059*
—1.676 —2.292 —3.345 —3.894 —2.296
Percent occupied —0.029* —0.002 —0.0147 —0.011 0.003
—1.988 —-0.229 —1.650 —0.950 0.151
Percent Black 0.011 0.0227 0.043** 0.043* 0.013
0.357 1.765 3.035 2.387 0.427
Percent Latino 0.015 0.004 —0.005 0.004 0.014
1.349 0.734 —1.248 0.658 1.154
Number of employees/1000
Restaurant —20.738 —12.492  —14.440 —1.3%4 —38.523
—0.519 —0.608 —0.723 —0.062 —0.840
School 6.533 13.990* 6.164" —4.449 10.1727
1.155 2.109 1.781 —1.050 1.919
Retail 3.602 19.913* 19.435* 3.818 35.828%*
0.411 2.127 2.090 0.437 2.557
Total employees 6.482%* 7.782%%* 16.822%*  6.249%* 5.770%*
3.645 3.761 7.723 2.950 2.710
Spatially lagged variables (0.25 mile)
Population (log transformed) 0.591%* 0.029 —0.087 0.053 0.112
2.953 0.313 —1.302 0.440 0.553
Concentrated disadvantage 0.021 —0.013 —0.005 0.022 0.013
0.824 —0.994 —0.496 1.340 0.468
Racial/ethnic heterogeneity —1.780 0.739 1.351%%* 2.723%%* 3.174°
—1.341 1.140 2.732 2.987 1.915
Average length of residence 0.022 —0.002 —0.047*%*  0.015 0.035
0.532 —0.087 —3.162 0.566 0.774
Percent occupied 0.022 —-0.031*  —0.031** —0.026 —0.025
0.718 —2.134 —2.722 —1.391 —0.832
Percent Black 0.076 0.133%* 0.013 0.061 0.105
0.926 3.248 0.406 1.159 1.297
Percent Latino —0.020 0.008 0.011%* 0.018* 0.0317
—1.492 1.221 2.408 2.115 1.904
Restaurant —0.980* 0.022 —0.006 0.024 —0.079
—2.433 0.508 —0.252 0.849 —0.307
School 0.142 0.051 0.004 0.018 0.210%*
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Table 8 continued
Agg. Assault Burglary  Larceny MV theft Robbery
1.446 0.822 0.091 0.255 2.147
Retail 0.117 0.174* —0.069 0.049 0.218
0.862 2.245 —1.094 0.532 1.542
Total employees —-0.013 —0.061** —0.015 0.001 —0.084*
—0.393 —2.867 —0.999 0.041 —2.110
Intercept —7.851% 0.571 3.598%** —2.057 —6.524
—2.088 0.325 2.647 —0.891 —1.624
N 4441 4441 4441 4441 4441
Santa Ana
Census data
Population (log transformed) 0.386%* 0.216%* 0.253** 0.394%* 0.047
3910 3.235 4.092 5.895 0.556
Concentrated disadvantage 0.013 —0.003 —0.012 0.008 —0.010
0.844 —0.250 —1.118 0.839 —0.732
Racial/ethnic heterogeneity —0.886 —0.351 —0.166 —0.057 —1.369
—0.741 —0.552 —0.260 —0.082 —1.518
Average length of residence —0.034 —0.051**  —0.032%* —-0.014 —0.025
—1.591 —3.549 —2.147 —1.044 —1.335
Percent occupied —0.022 —0.005 —0.032% —0.043*%*  0.018
—1.223 —0.385 —2.331 —3.863 0.932
Percent Black 0.024 —0.048" 0.027 0.038%* 0.034
0.801 —1.699 1.222 2.018 1.400
Percent Latino 0.004 0.000 0.014* 0.014* 0.001
0.299 —0.012 2.281 1.963 0.099
Number of employees/1000
Restaurant 28.859%* 37.189* 23.3447 19.697 35.283%*
2.067 2.546 1.740 1.520 2.963
School 11.380%* 16.133**  7.050%* 3.637 7.805%
3.628 5.278 2.044 1.019 2.294
Retail 15.635 42.760*%*  46.485%*  40.205%*  61.876**
1.336 2.936 3.280 2.841 3.878
Total employees —0.024 —0.049 0.028 0.068 —0.017
—0.121 —0.384 0.570 1.635 —0.123
Spatially lagged variables (0.25 mile)
Population (log transformed) 0.223 0.394%#%* —0.174 0.386%* 0.337
1.124 3.097 —1.521 3.104 1.883
Concentrated disadvantage 0.022 —0.041*%*  0.025 0.005 0.018
0.846 —2.587 1.622 0.308 0.814
Racial/ethnic heterogeneity —-0.674 —0.119 —0.262 0.733 —0.049
—0.385 —0.135 —0.300 0.766 —0.036
Average length of residence 0.015 —0.005 —0.049* —0.015 —0.028
0.401 —0.205 —2.153 —0.643 —0.849
Percent occupied —0.028 —0.056**  —0.032 —0.028" 0.005
—0.857 —3.548 —1.633 —1.663 0.160
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Table 8 continued

Agg. Assault Burglary  Larceny MV theft Robbery

Percent Black 0.038 —0.061 —0.003 —0.023 0.040
0.378 —0.896 —0.047 —0.354 0.466
Percent Latino 0.010 —0.003 —0.024**  —0.003 0.005
0.511 —0.288 —2.827 —0.287 0.332
Restaurant —0.048 0.381%* 0.308" 0.366* 0.159
—0.178 2.216 1.840 2.264 0.785
School —0.016 —0.063 0.034 —0.063 0.221%*
—0.139 —0.753 0.422 —0.774 2.581
Retail —0.099 —0.186%  —0.087 0.026 —0.075
—0.842 —1.972 —1.028 0.335 —0.755
Total employees —0.006 0.002 0.000 —0.006 —0.002
—0.774 0.494 0.007 —1.289 —0.347
Intercept —2.833 0.605 6.499%* —-1.377 —7.894%
—0.675 0.258 2.648 —0.631 —2.082
N 3647 3647 3647 3647 3647

Huntington Beach
Census data

Population (log transformed) 0.112 0.170%%* 0.030 0.169%* 0.058
0.690 2.890 0.431 3.242 0.172
Concentrated disadvantage 0.029 0.025%* 0.035%* 0.020* 0.047
1.160 2.861 3.514 2.470 0.027
Racial/ethnic heterogeneity 0.854 —0.700 0.418 —1.064*  0.576
0.619 —1.406 0.678 —2.319 1.527
Average length of residence —0.053 —0.040**  —0.036*%* —0.023* —0.056
—1.489 —3.337 —2.586 —2.239 0.041
Percent occupied 0.050 0.003 0.029" 0.000 0.005
1.170 0.255 1.830 —0.041 0.045
Percent Black 0.064 0.046 —0.060 0.027 —0.216
0.581 1.160 —1.196 0.758 0.144
Percent Latino —0.014 0.006 —0.010 —0.002 0.000
—0.826 0.921 —1.212 —0.347 0.017
Number of employees/1000
Restaurant 19.419%* 11.522 5.608 14.908" 15.464%*
3.274 1.410 0.602 1.791 4.948
School -9.151 10737 —4115 1244 11.154
—0.014 1.846 —0.551 0.254 1.658
Retail 8.823%* 21.504%%  30.315%% 12465 7.154%*
2.036 2.718 2.619 1.894 2.748
Total employees 0.284 5.673%* 11.886**  4.321%* 4.092
0.158 2.347 4518 2.250 0.976
Spatially lagged variables (0.25 mile)
Population (log transformed) 0.954%* —0.115 —0.040 —0.048 0.125
2.923 —1.273 —0.362 —0.595 0.290
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Table 8 continued
Agg. Assault Burglary  Larceny MV theft Robbery
Concentrated disadvantage —0.023 0.008 —0.002 0.019* 0.065
—0.712 0.757 —0.178 1.970 0.038
Racial/ethnic heterogeneity —3.090" 1.199f —0.508 0.551 —1.704%
—1.650 1.748 —0.577 0.884 1.934
Average length of residence 0.067 0.013 0.016 0.001 0.088
1.229 0.777 0.815 0.095 0.063
Percent occupied —0.030 —0.066**  —0.068** —0.070** 0.022
—0.484 —3.341 —2.935 —4.095 0.075
Percent Black 0.475* 0.179%* 0.054 0.280%* 0.467
2.450 2416 0.582 4.191 0.177
Percent Latino 0.051%* —0.007 —0.001 0.001 0.001
2.686 —0.808 —0.109 0.089 0.021
Restaurant 0.769* 0.078 —0.010 0.121 0.722
2.089 0.558 —0.058 0.959 0.394
School —0.942 —0.339" —0.498*  —0.152 —0.429
—1.408 —1.769 —2.205 —0.993 0.598
Retail —0.423 0.015 0.1927 —0.026 —0.024
—1.615 0.194 1.957 —0.356 0.235
Total employees —0.023 0.012 0.004 0.004 0.009
—1.253 1.239 0.357 0.505 0.018
Intercept —15.340* 4.814%%* 2.616 5.455%%* —8.229%%*
—2.520 2.613 1.211 3.455 6.900
N 4825 4825 4825 4825 4825

*#* p < .01 (two-tail test); * p < .05 (two-tail test); T p < .05 (one-tail test), T-values below coefficient

estimates

Table 9 SWA models for each city (Anaheim, Santa Ana, and Huntington Beach)

Agg. Assault Burglary  Larceny MV theft  Robbery
Anaheim
Census data

Population (log transformed) 0.171% 0.052 0.140%* 0.194%* 0.065
1.723 0.966 3.424 2.949 0.645

Concentrated disadvantage 0.043% 0.015" 0.015% 0.020" 0.023
2.675 1.738 2210 1.934 1.370

Racial/ethnic heterogeneity —0.005 —0.789 —1.242%%  —1.649*%  0.365
—0.005 —1.387 —2.997 —2.267 0.287

Average length of residence —0.033 —0.030* —0.023%* —0.063*%*  —0.067**
—1.371 —2.396 —2.508 —3.987 —2.628

Percent occupied —0.027* —0.012 —0.024**  —0.004 —0.031%*
—2.465 —1.506 —4.280 —0.359 —2.533

Percent Black —0.024 0.018 0.051%* 0.050" —0.017
—0.561 0.839 3.244 1.928 —0.398
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Table 9 continued

Agg. Assault Burglary  Larceny MV theft Robbery

Percent Latino 0.017 0.011* 0.001 0.003 0.025%*
1.505 2.123 0.236 0.501 2.047
Number of employees/1000
Restaurant —18.080 —14.259  —15385  —0.967 —43.396
—0.477 —0.667 —0.736 —0.041 —0.937
School 5.372 14.551%* —5.587 —5.001 10.972%*
0.978 2.166 —1.586 —1.146 2.083
Retail 7.074 26.279* 31.792%*%  13.604 49.152%%*
0.711 2.536 3.260 1.205 3.310
Total employees 6.582%* 8.105%* 16.746%*  6.482%* 5.101*
3.625 3.668 7.515 2.851 2.438
Spatially lagged variables (0.25 mile)
Population (log transformed) 0.635%* —0.003 —0.057 0.019 0.225
3.051 —0.028 —0.825 0.149 1.060
Concentrated disadvantage 0.021 —0.001 0.002 0.026 0.021
0.808 —0.106 0.164 1.613 0.766
Racial/ethnic heterogeneity —1.508 0.524 1.782%* 3.059%* 2413
—1.136 0.804 3.649 3.351 1.502
Average length of residence 0.023 —0.002 —0.052*%*  0.019 0.041
0.579 —0.089 —3.558 0.734 0.944
Percent occupied 0.008 —0.031%* —0.030*%*  —0.026 —0.024
0.278 —2.219 —2.871 —1.455 —0.834
Percent Black 0.085 0.126%* —0.006 0.062 0.070
1.026 3.001 —0.175 1.178 0.855
Percent Latino —0.023" 0.001 0.007 0.020%* 0.015
—1.665 0.141 1.498 2.356 0.966
Restaurant —0.975* 0.031 —0.092 0.012 —0.058
—2.416 0.626 —1.417 0.286 —0.242
School 0.145 0.052 0.012 0.016 0.255%*
1.479 0.831 0.234 0.218 2.524
Retail 0.127 0.176* —0.070 0.047 0.187
0.929 2.252 —1.097 0.497 1.312
Total employees —0.018 —0.064**  —0.017 0.003 —0.090*
—0.521 —2.979 —1.065 0.137 —2.237
Intercept —7.297* 1.855 4.038%* —2.472 —3.995
—1.969 1.104 3.192 —1.081 —1.040
N 4418 4418 4418 4418 4418
Santa Ana

Census data

Population (log transformed) 0.512%* 0.270%* 0.351%* 0.443%* 0.249*
4.774 3.752 4.953 6.194 2.531

Concentrated disadvantage 0.019 —0.007 —-0.014 0.004 —-0.010
1.211 —0.695 —1.270 0.424 —0.722
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Table 9 continued
Agg. Assault Burglary  Larceny MV theft Robbery
Racial/ethnic heterogeneity —0.442 —0.482 0.023 —0.014 —0.698
—0.329 —0.753 0.035 —0.020 —0.731
Average length of residence —0.023 —0.041** —0.031* —-0.014 —0.029
—1.095 —2.938 —2.142 —1.070 —1.528
Percent occupied 0.000 —0.014 —0.031*%*  —0.032%* 0.003
—0.019 —1.594 —3.133 —3.764 0.161
Percent Black 0.023 —0.070" 0.002 —0.037 —0.076
0.384 —1.734 0.065 —0.948 —1.289
Percent Latino 0.012 0.001 0.009 0.010 —0.001
0.816 0.130 1.463 1.425 —0.106
Number of employees/1000
Restaurant 36.106* 32.661* 34.675*% 27.067" 31.912%
2.455 2.205 2.468 1.934 2.493
School 11.795%%* 14.941%*%  6.728* 4.874 8.784%**
3.897 5.010 2.064 1.504 2.592
Retail 6.527 46.788* 52.441%*%  47.890*%*  81.219%*
0.483 2.549 3.066 2.655 4.498
Total employees —0.036 —0.064 0.018 0.056 —0.030
—0.216 —0.491 0.377 1.299 —0.218
Spatially lagged variables (0.25 mile)
Population (log transformed) 0.229 0.455%%* —-0.076 0.403** 0.651%**
1.059 3.362 —0.616 3.020 3.055
Concentrated disadvantage 0.015 —0.036* 0.021 0.009 0.007
0.526 —2.182 1.302 0.528 0.289
Racial/ethnic heterogeneity —1.853 —0.205 —-0.417 0.769 —0.191
—1.030 —0.226 —0.460 0.777 —0.131
Average length of residence 0.010 —0.003 —0.037 —0.007 0.011
0.278 —0.128 —1.617 —0.301 0.319
Percent occupied —0.043 —0.054*%  —0.034"  -0.028"  —0.013
—1.499 —3415 —1.792 —1.662 —0.488
Percent Black 0.039 —0.026 —0.028 0.042 0.094
0.345 —0.360 —0.387 0.582 0.938
Percent Latino —0.006 —0.006 —0.018*  0.003 0.009
—0.276 —0.660 —2.169 0.308 0.572
Restaurant -0.016 0.332" 0.288" 0.317" 0.045
—0.059 1.890 1.696 1.878 0.210
School —0.037 —0.076 0.050 —0.038 0.265%*
—0.309 —0.867 0.595 —0.449 2.864
Retail —0.015 —0.143 —0.017 0.107 0.065
—0.127 —1.441 —0.193 1.286 0.606
Total employees —0.006 0.003 —0.001 —0.007 0.000
—0.684 0.781 —0.363 —1.381 0.086
Intercept —3.561 0.500 5.028%* —3.185 —9.469*
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Table 9 continued

Agg. Assault Burglary  Larceny MV theft Robbery

—0.851 0.222 2.082 —1.367 —2.437
N 3504 3504 3504 3504 3504
Huntington Beach
Census data
Population (log transformed) 0.211 0.176%* 0.024 0.176%* 0.088
1.314 3.090 0.349 3.477 0.520
Concentrated disadvantage 0.019 0.025%* 0.027+** 0.025%* 0.043
0.795 2.879 2.693 3.100 1.621
Racial/ethnic heterogeneity 0.184 —0.761 0.044 —1.041% —0.003
0.144 —1.623 0.076 —2.435 —0.002
Average length of residence —0.053 —0.026* —0.035*%*  —0.014 —0.011
—1.569 —2.256 —2.579 —1.394 —0.280
Percent occupied 0.031 —0.001 0.013 —0.015" 0.004
0.919 —0.099 1.166 —-1.792 0.129
Percent Black 0.081 0.062" -0.015  0.061" —0.042
0.775 1.667 —0.321 1.804 —0.320
Percent Latino —0.010 0.006 —0.009 —0.001 0.007
—0.678 0.960 —1.070 —0.194 0.460
Number of employees/1000
Restaurant 18.894%%* 12.255 7.326 15.1587 13.814%**
3.195 1.476 0.764 1.830 2.703
School —9.348 10.810° —3.784 1.813 —8.566
—0.013 1.805 —0.513 0.374 —0.014
Retail 8.433" 22.691%*%  32.993%*  13.717* 7.404%*
1.935 2.822 2.741 2.074 2.741
Total employees 0.467 5.521%* 11.545%*%  4.004* 4.000%*
0.260 2.276 4357 2.135 4.453
Spatially lagged variables (0.25 mile)
Population (log transformed) 0.677* —0.140 —0.024 —0.066 0.004
2.170 —1.554 —0.215 —0.811 0.016
Concentrated disadvantage —0.002 0.011 0.008 0.020% 0.088*
—0.075 1.053 0.656 2.091 2.343
Racial/ethnic heterogeneity —2.391 1.186" —0.152 0.388 —1.197
—1.393 1.781 —0.180 0.646 —0.647
Average length of residence 0.067 —0.002 0.017 —0.009 0.042
1.311 —0.109 0.863 —0.577 0.679
Percent occupied —0.053 —0.057** —0.051*  —0.048** 0.021
—0.988 —3.073 —2.425 —3.008 0.302
Percent Black 0.373" 0.161* 0.006 0.254%%* 0.278
1.923 2.154 0.069 3.837 1.487
Percent Latino 0.044%* —0.006 —0.003 0.000 —0.012
2.455 —0.814 —0.340 —0.067 —0.596
Restaurant 0.648" 0.114 0.023 0.166 0.717°
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Table 9 continued
Agg. Assault Burglary  Larceny MV theft Robbery
1.793 0.821 0.136 1.330 1.825
School —0.811 —0.344" —-0.511*  —0.167 —0.377
—1.239 —1.812 —2.271 —1.093 —0.656
Retail —0.353 —0.003 0.192° —0.052 —0.084
—1.347 —0.038 1.957 —0.694 —0.350
Total employees —-0.022 0.013 0.004 0.004 0.014
—1.227 1.331 0.328 0.516 0.723
Intercept —9.102f 4.557* 2.386 4.968%* —7.042
—1.663 2.565 1.133 3.222 —1.041
N 4840 4840 4840 4840 4840
Table 10 Block models for each city (Anaheim, Santa Ana, and Huntington Beach)
Agg. assault Burglary  Larceny MV theft  Robbery
Anaheim
Census data
Population (log transformed) 0.595%* 0.486%* 0.519%* 0.475%%* 0.454%%*
7.244 10.646 14.312 9.364 5.613
Concentrated disadvantage 0.011 0.016* 0.018%** 0.008 0.018
0.870 2.150 3.095 0.934 1.394
Racial/ethnic heterogeneity 0.226 0.649" 0.298 0.342 0.615
0.287 1.731 1.000 0.681 0.886
Average length of residence —0.011 0.007 —0.006 —0.021"  —0.031%
—0.595 0.678 —0.824 —1.801 —1.806
Percent occupied —0.010 —0.005 0.006 0.002 0.0297
—0.849 —0.707 0.965 0.183 1911
Percent Black 0.027* 0.002 0.003 0.024%* 0.015
2.080 0.277 0.416 2.726 1.152
Percent Latino 0.009 —0.002 —0.006*  0.011* —0.006
1.216 —0.676 —-2.217 2.303 —0.891
Number of employees/1000
Restaurant 7.090 12.321%*%  13.589**  7.834* 11.668*
1.227 3.147 3.820 2.001 2.188
School 1.315 —0.725 0.207 0.812 2.890"
0.902 —0.675 0.233 0.788 1.923
Retail 0.959 3.082%* 2.789" 0.380 2.690
0.478 2.140 1.883 0.267 1.431
Total employees 0.748%* 0.780%* 1.162%* 0.641% 1.128%*
2.032 2.681 3.898 2224 2.625
Spatially lagged variables (0.25 mile)
Population (log transformed) —0.153 —0.317%%  —0.522%% —0.482%% —0.254"
—1.013 —3.817 —7.312 —5.068 —1.683
Concentrated disadvantage —0.795%%* -0.017 —0.104 —0.339% —0.386
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Table 10 continued

Agg. assault Burglary  Larceny MV theft  Robbery

—3.384 —0.125 —0.981 —2.234 —1.628
Racial/ethnic heterogeneity 1.126 2.214%* 2.608** 2.888%* 3.766%*
1.056 4.161 6.151 4.069 3.337
Average length of residence —0.004 —0.051*%*  —0.065*%* —0.031 0.025
—0.141 —3.060 —4.885 —1.566 0.796
Percent occupied 0.010 —0.009 —0.028%%  —0.022" —0.020
0.422 —0.767 —2.693 —1.718 —0.894
Percent Black 0.008 0.046 0.041 0.064" 0.083
0.121 1.355 1.466 1.652 1.408
Percent Latino 0.001 0.015%* 0.021%* 0.021%* 0.039%*
0.127 3.003 5.022 3.178 3.705
Restaurant 0.066* 0.047 —0.004 0.018 0.108**
1.974 1.602 —0.198 0.678 2.820
School —0.009 0.010 —0.076" 0.018 0.157*
—0.114 0.190 —1.947 0.361 2.059
Retail 0.069 0.227%%* 0.054 0.130" 0.282%*
0.651 3.678 1.029 1.877 2.712
Total employees —0.026 —0.048**  0.013 —0.015 —0.073*
—0.934 —2.789 1.021 —0.832 —2.299
Intercept —4.907" 0.205 3.148%* —0.198 —6.505%
—1.673 0.133 2.356 —0.113 —-2.117
N 1654 1654 1654 1654 1654
Santa Ana
Census data
Population (log transformed) 0.391%* 0.359%* 0.332%%* 0.457+%* 0.344%%*
6.008 8.106 7.848 10.630 6.088
Concentrated disadvantage 0.027* —0.001 0.001 0.018* —0.008
2.285 —0.093 0.081 2.283 —0.753
Racial/ethnic heterogeneity 1.167 0.553 0.489 0.930* —0.581
1.755 1.389 1.234 2.324 —0.964
Average length of residence 0.003 —0.006 —0.017" 0.000 —0.001
0.217 —0.601 —1.658 0.016 —0.063
Percent occupied —0.002 —0.005 —0.012f —0.009 0.004
—0.207 —0.656 —1.896 —1.536 0.428
Percent Black 0.028 —0.060%  0.022 —0.029 —0.013
0.761 —2.205 0.945 —1.131 —0.388
Percent Latino —0.009 —0.005 —0.002 —0.006 0.003
—1.343 —1.307 —0.539 —1.593 0.491
Number of employees/1000
Restaurant 4.073 9.505%* 11.630**  10.887**  5.092
1.153 3.356 3.942 4.022 1.460
School 4.078%* 4.368%* 4.538%* 2.547 5.013%*
2.614 2.992 2.788 1.624 3.343
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Table 10 continued

Agg. assault Burglary  Larceny MV theft  Robbery

Retail 3.556%* 5.9971%* 5.616%* 3.981* 7.765%*
1.566 3.350 2.736 2.336 3.930
Total employees 0.018 0.019 0.031 0.012 —0.054
0.659 0.863 1.137 0.565 —0.748
Spatially lagged variables (0.25 mile)
Population (log transformed) —0.401%* —0.342%*  —0.609*%*  —0.267** —0.203
—2.938 -3.615 —6.377 —2.790 —1.601
Concentrated disadvantage —0.305 0.037 —0.259"  —0280"  —0.413%
—1.314 0.246 —1.734 —1.847 —2.024
Racial/ethnic heterogeneity 0.140 1.384* 2.390%* 2.262%* 0.922
0.117 2.073 3.434 3.286 0.882
Average length of residence —0.006 —0.018 —0.051**  —0.004 —0.013
—0.225 —0.987 —2.666 —0.238 —0.489
Percent occupied —-0.015 —0.028%* 0.002 —0.016 —0.027
—0.603 —2.199 0.124 —1.132 —1.495
Percent Black 0.014 0.011 0.114" 0.087 0.028
0.154 0.185 1.959 1.531 0.364
Percent Latino 0.023" 0.011" 0.013" 0.021%*  0.017
1.757 1.665 1.871 2.874 1.469
Restaurant 0.117 —0.121 —0.166 —0.026 —0.093
0.582 —0.794 —1.055 —0.182 —0.510
School —0.045 —0.085 —0.087 —0.106 0.179*
—0.448 —1.149 —1.167 —1.467 2.348
Retail —0.044 —0.005 0.030 0.043 0.1277
—0.536 —0.083 0.506 0.774 1.913
Total employees —0.004 0.000 0.000 —0.004 0.001
—0.788 0.103 0.146 —1.417 0.504
Intercept 0.782 3.738%* 3.710%* 0.507 —0.625
0.260 2.205 1.999 0.283 —0.251
N 1341 1341 1341 1341 1341

Huntington Beach
Census data

Population (log transformed) 0.537%* 0.599%* 0.625%* 0.733%* 0.487+%*
4.195 12.952 10.291 14.665 3.455
Concentrated disadvantage 0.017 0.009 0.003 0.012 0.044*
0.889 1.144 0.316 1.503 2.063
Racial/ethnic heterogeneity 0.241 0.647" 0.208 0.779* 0.851
0.241 1.817 0.470 2.164 0.768
Average length of residence —-0.022 -0.014 —0.027* —0.027**  —0.001
—0.923 —1.598 —2.520 —3.149 —0.052
Percent occupied 0.008 —0.006 —0.009 —0.008 0.045
0.380 —0.747 —0.963 —1.054 1.601
Percent Black —0.001 0.045%* 0.017 0.023 —0.1817
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Table 10 continued

Agg. assault Burglary  Larceny MV theft  Robbery

—0.017 2.048 0.590 0.960 —1.834
Percent Latino —0.0227 —0.010* —0.013* —0.014**  —0.015
—1.870 —2.102 —2.103 —2.943 —1.240
Number of employees/1000
Restaurant 12.338%* 4.560* 6.630%* 6.113%* 10.565%
2.923 2234 2.536 2918 3.478
School 6.063%* 4.174% 4.804" 2.345 0.635
2.680 2.192 1.926 1.257 0.160
Retail 4.266 6.999%* 10.637**  3.407* 5.943%%*
1.363" 5.518 6.728 2.350 2.735
Total employees —1.789 0.696* 0.693 0.076 0.464
—1.427 2.083 1.585 0.228 0.824
Spatially lagged variables (0.25 mile)
Population (log transformed) —0.123 —0.393**  —0.300*%* —0.285*%*  —0.026
—0.595 —5.276 —3.085 —3.536 —0.125
Concentrated disadvantage —0.208 —0.351**  —0.328%* —0.311* —0.352
—0.622 —2.906 —2.214 —2.454 —-0.921
Racial/ethnic heterogeneity —0.615 0.816 —1.022 —0.115 —0.837
—0.432 1.463 —1.410 —0.201 —0.555
Average length of residence —-0.014 —0.019 —0.004 0.005 0.053
—0.352 —1.333 —0.229 0.331 1.182
Percent occupied —0.049 —0.058*%*  —0.026 —0.055%*  —0.054
—1.222 —3.676 —1.352 —3.440 —1.104
Percent Black 0.180 0.163* 0.242%* 0.217%* 0.478**
1.207 2.536 2.951 3.295 3.639
Percent Latino 0.033%* 0.000 —0.002 0.007 0.018
2.275 0.006 —0.224 1.074 1.113
Restaurant 0.093 —0.018 0.249%* 0.104 0.208
0.663 —0.266 2.906 1.540 1.373
School —0.069 —0.364* —0.395% —0.246 —0.865
—0.170 —2.128 —2.060 —1.581 —1.318
Retail —0.138 —0.005 0.022 —0.010 —0.005
—0.799 —0.078 0.264 —0.146 —0.033
Total employees 0.000 0.020%* 0.014 0.016* 0.017
—0.003 2.868 1.558 2.079 1.055
Intercept 0.204 7.042%%* 3.5717 5.821%* —5.026
0.050 4.673 1.939 3.848 —0.982
N 1514 1514 1514 1514 1514

*#* p < .01 (two-tail test); * p < .05 (two-tail test); T p < .05 (one-tail test), T-values below coefficient
estimates
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Table 11 Correlations between

the variables of SWA and
Enhanced SWA

Variables

SWA-Enhanced SWA

Population (log transformed) 0.99*
Concentrated disadvantage 0.99*
Racial/ethnic heterogeneity 0.98*
Average length of residence 0.99*
Percent occupied 0.97*
Percent Black 0.99%*
Percent Latino 0.99%*
*p <0.01
Table 12 Models using the enhanced SWA method for various crime types
Census Data Agg. Assault  Burglary Larceny MV theft Robbery
Population (log transformed)  0.3177*%* 0.1505%%* 0.1627*%* 0.2637*%* 0.1553*
5.03 4.46 5.27 7.74 2.44
Concentrated disadvantage 0.0283%*%* 0.0132%* 0.0139%* 0.0184%* 0.0179%
2.98 2.56 2.89 3.56 1.9
Racial/ethnic heterogeneity —0.5576 —0.6634* —0.5444%* —1.1579**  —0.1317
—0.88 —2.34 —1.98 —4.05 —-0.2
Average length of residence —0.0286* —0.0335%*  —0.0312*%*  —0.0272%*  —0.0332*
—2.08 —4.74 —4.74 —3.86 2.4
Percent occupied —0.0178 —0.0096 —0.0161%* —0.0223**  —0.0005
—1.56 —1.34 —2.38 —3.38 —0.04
Percent Black 0.0054 0.0058 0.0293* 0.0285" —0.0188
0.17 0.36 2.11 1.67 —0.6
Percent Latino 0.0094 0.0058* 0.0006 0.0022 0.0127°
1.44 2 0.21 0.74 1.96
Number of employees/1000
Restaurant 23.3011%* 21.6271%* 26.4117** 23.0358%%* 21.2828%**
4.34 332 3.99 3.59 29
School 8.3643%* 10.1347%%* 9.2445%%* 3.756" 9.144%*
4.39 4.45 4.6 1.89 3.89
Retail 13.0852%%* 43.9183%%* 65.0337%%* 25.5336%* 43.295%%*
3.56 7.56 10.18 4.85 6.69
Total employees 0.0002 —0.0173 0.0724 0.0618 —0.0017
0 —0.22 0.74 1.38 —0.02
Spatially lagged variables (0.25 mile)
Population (log transformed)  0.4951%%* 0.0335 —0.0272 0.10297 0.3368%**
3.85 0.6 —0.54 1.78 2.6
Concentrated disadvantage 0.0114 0.0074 0.0134* 0.0237%* 0.0282F
0.76 1.06 2.06 3.4 1.83
Racial/ethnic heterogeneity —0.5066 1.0072%%* 0.7102%* 0.8575%* 0.3993
—-0.7 3.03 222 2.58 0.53
Average length of residence 0.0224 0 —0.0183" 0.0049 0.0283
1.01 0 —1.86 0.45 1.24
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Table 12 continued

Census Data Agg. Assault  Burglary Larceny MV theft Robbery
Percent occupied —0.0212 —0.0421*%*  —0.0388**  —0.0427*%  —0.0149
—1.19 —4.72 —4.58 —4.64 —0.84
Percent Black 0.1082* 0.0729* 0.0088 0.101** 0.1175%*
1.98 243 0.33 3.21 2.23
Percent Latino 0.0013 0 —0.002 0.0034 0.0048
0.16 0 —0.62 0.93 0.59
Restaurant —0.1987 0.0049 —0.0618 0.0424 —0.0525
—1.2 0.13 —1.4 1.27 —0.65
School 0.0187 —0.0832" —0.0067 —0.0052 0.1511%*
0.3 —1.89 —0.17 —0.12 2.58
Retail —0.0047 0.0336 —0.011 0.0518 0.0741
—0.06 0.79 —0.26 1.22 1.01
Total employees —0.0049 —0.0002 —0.0015 —0.007" —0.0029
-0.7 —0.05 —0.49 —1.78 —0.51
Intercept —6.045%* 1.93997 4.25%* 1.4979 —7.0681%*
—2.66 1.81 4.17 14 —2.97
Pseudo-r square 0.1308 0.0488 0.0805 0.0716 0.1431
N 12,761 12,761 12,761 12,761 12,761

City fixed effects (city dummies) are included

*#* p < .01 (two-tail test); * p < .05 (two-tail test), f p < .05 (one-tail test), T-values below coefficient
estimates
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