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Abstract

The effects of crime generators, crime attractors, and offender anchor
points on the distribution of street robberies across the nearly 25,000 cen-
sus blocks of Chicago are examined. The analysis includes a wide array of
activities and facilities that are expected to attract criminals and generate
crime. These include a variety of legal and illegal businesses and infrastruc-
tural accessibility facilitators. In addition to these crime attractors and gen-
erators, the role of the presence of motivated offenders’ anchor points, as
measured by offenders’ residence and gang activity, is assessed. The analysis
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also includes crime attractors, crime generators, and offender anchor
points in adjacent census blocks. The findings demonstrate the strength
of the effects of crime generators and attractors and offender anchor points
on the frequency of street robbery at the census block level.
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In an ethnographic study on the streets of a deprived Chicago community,
St. Jean (2007) tested two major theories of crime and disorder, “collective
efficacy” and “broken windows.” He found only limited support for either
theory. Observing that even in a deprived area that lacked collective effi-
cacy and social order, many streets and city blocks were relatively crime-
free, while others continued to be hot spots of crime, St. Jean asked:

Why is it that, even within the same general high-crime area, crimes such as
robbery, drug dealing, and assaults occur much more frequently on some
neighborhood blocks than others? (St. Jean 2007:1)

St. Jean’s observation about the local nature of crime concentrations echoes
findings from prior research showing that crime hot spots are often not
larger than a street segment (Smith, Frazee, and Davison 2000; Weisburd
et al. 2004), street corner (McCord and Ratcliffe 2007), or even a single par-
cel (Kinney et al. 2008) or address (Sherman, Gartin, and Buerger 1989).

Learning from offenders and local residents themselves, St. Jean demon-
strated that “pockets of crime” are often located near nodes of cash econo-
mies: micro places with specific functions, such as bars, fast-food
restaurants, check-cashing centers, and pawn shops, that is, places that bring
together, often in large numbers, people who carry cash, some of whom are
distracted and vulnerable. In environmental criminology, such places have
been labeled crime attractors and crime generators (Brantingham and
Brantingham 1995). Prior studies have documented elevated levels of crime
in and around these types of facilities (e.g., see Block and Block 1995;
McCord and Ratcliffe 2007; Roncek and Maier 1991). Stucky and Ottens-
mann (2009) provide an insightful review of the literature on the effects of
land use on crime.

This article provides a systematic and large-scale investigation of the
extent to which the distribution of crime generators and attractors, in partic-
ular street level cash economies, explains the spatial distribution of street
robberies, not only in one specific deprived Chicago community but
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citywide, across the nearly 25,000 Chicago census blocks. The focus on
crime generators and crime attractors is complemented with an exploration
of the specific role of motivated offenders’ anchor points in the geographic
distribution of street crime, and with specific attention to spatial spillover
effects.

In the remainder of this article, the first section introduces the concepts
of crime generators, crime attractors, and offender anchor points. The sec-
ond section discusses the size of spatial units of analysis, noting that small
units are more influenced by their spatial environment than larger ones. The
third section describes the data and the statistical models used. Findings are
presented in the fourth section and discussed in the fifth section.

Crime Generators, Crime Attractors, and Offender
Anchor Points

Crime generators and crime attractors are two similar concepts that are
used to explain spatial concentrations of criminal activity (Brantingham and
Brantingham 1995; Kinney et al. 2008). Crime generators are places that
are easily accessible to the public. They may become hot spots of crime
because the presence of large groups of people creates occasions for crime.
Typical examples are shopping precincts, high schools, and public transport
stations. Some places provide very specific opportunities and become crime
attractors. They 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 tar-
gets. For robbery, crime attractors are likely to be places that have cash
economies, that is, places where many transactions are being made, and
where the majority of these transactions involve cash, as opposed to pay-
ments by credit card or electronic payment systems (Wright and Decker
1997). Most property offenders prefer items that are concealable, remova-
ble, available, valuable, enjoyable, and disposable (Clarke 1999; Wellsmith
and Burrell 2005), and cash fulfills these requirements best. Payments tend
to be cash in small-scale businesses that sell items of limited value. Exam-
ples of such businesses are bars, barber and beauty salons, grocery stores,
fast-food restaurants, gas stations, and pawn shops.

Some crime attractors are places where the main activities are illegal.
lllegal markets for gambling, fencing, prostitution, and drug dealing are
themselves already hot spots of consensual crimes. They also attract moti-
vated offenders who find the illegal market an ideal hunting ground for theft
or armed robbery, because they involve mostly cash transactions and



36 Journal of Research in Crime and Delinquency 48(1)

because many of the participants are vulnerable and will not report
victimization to the police.

In addition to crime generators and crime attractors, offender anchor
points are likely to be relevant for where crime occurs. According to the
principle of least effort (Zipf 1949) offenders will—all other things being
equal—prefer shorter trips over longer trips. Therefore, a place is more
likely to experience crime if it is located nearby offenders’ homes.

The “set space” (Tita, Cohen, and Engberg 2005) where gangs hang out
can be seen as a special “home-like” anchor point. They are small places
such as street corners, empty buildings, or vacant lots where gang members
spend a considerable amount of time. Although gangs are not defined in
terms of criminal activity, their members are disproportionally involved
in crime. Therefore, a place is more likely to experience crime if it is situ-
ated in the vicinity of the activity node of a gang.

Spatial Units of Analysis and Spatial Influence

In geographic criminologys, it is increasingly recognized that the appropriate
spatial unit of analysis needs to be explicitly considered and carefully cho-
sen (Weisburd, Bruinsma, and Bernasco 2009). This decision should not
primarily depend on the availability of data or statistical models but must
be based on theory: A spatial unit of analysis should match the theoretical
perspective that guides the analysis.

The current article addresses the implications of crime pattern theory, in
particular crime attractors and crime generators: places, locations, sites, or
buildings with a function that makes them vulnerable to crime. Crime
attractors are without exception much smaller than a neighborhood. Most
are even smaller than a football field.

Indeed, most theories that inspire geographical criminology apply to
small-scale spatial structures. It is not surprising, therefore, that recent work
generally advocates the use of small spatial units of analysis, such as face
blocks (Taylor 1997) or street segments (Weisburd et al. 2004) in the
U.S. context, and “output areas” (comprising 300 residents on average)
in the United Kingdom (Oberwittler and Wikstrém 2009).

When the analysis is performed on small units of analysis such as census
blocks, the size of the relevant environment is relatively large, so that the
potential influence of nearby units is comparatively large (Bernasco
2010). Therefore, when analyzing small spatial units, close attention must
be paid to the effects of nearby places. The First Law of Geography, which
states that “everything is related to everything else, but near things are more
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related than distant things” (Tobler 1970:236), warns us not to analytically
isolate spatial units from their geographical environment, and the urgency
of this warning increases, the smaller the size of the spatial unit of analysis.

Except for an early study in the area (Heitgerd and Bursik 1987), in crim-
inology, the recognition of the importance of spatial interdependence
emerged only during the last two decades. Since the turn of the century
many studies have addressed the issue of spatial interdependence and have
applied statistical methods and techniques to deal with it, either as a poten-
tial source of bias or as a substantive hypothesis (Andresen 2006; Baller
et al. 2001; Hipp 2007; McCord and Ratcliffe 2007; Mears and Bhati
2006; Messner et al. 1999; Smith et al. 2000).

Proximity of a place to a crime attractor or generator may increase the
amount of crime in that place because it is located on the paths that lead
toward and from the crime attractor or crime generator. For example, if a
subway station attracts passengers, many of these passengers exit to the
streets. From the station exit they travel further, often by foot, to their des-
tination. This can be their parked car, a bus stop, their workplace, a store, or
a friend’s home. Thus, there will be a strong concentration of transient pas-
sengers in the block near the subway station exit, and this concentration will
spill over and dilute over adjacent blocks as people start walking toward
their destinations.

It is also possible that the presence of a crime attractor or generator in a
block increases the amount of crime in that block, but thereby decreases the
amount of crime in nearby blocks. Offenders who would otherwise commit
crime in the nearby block are being “pulled away” toward the block where
the crime attractor or crime generator is located. For example, if a robber
moves his “territory” to a nearby area after a new crime attractor emerges
in that area, then the crime attractor in the nearby area effectively reduces
crime in the robber’s former territory. In the spatial economics literature
and marketing literature, these two opposing spatial mechanisms are
referred to as the spatial agglomeration and the spatial competition effect
(Fotheringham 1985).

Data and Method

The analyses in this article use a large amount of detailed information col-
lected and brought together from various sources. The core consists of
information on 75,065 incidents of street robbery recorded by the Chicago
Police Department in the years 1996-1998 (an incident may include more
than one offender and one or more victim). For this study, street robbery
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included all incidents that occurred in an outdoor public location. The data
on these incidents include the date and time of the offense and the nearest
address to where the robbery was committed. About 98.5% of these
addresses were successfully geocoded. Using longitude and latitude, each
incident was assigned to one of 24,594 census blocks in the city of
Chicago.'

Crime generators pull criminal activities because they bring together
many people at the same time and place. Two infrastructural aspects of
census blocks function in particular as accessibility facilitators, namely,
(1) whether the block is located along at least one main surface street (rather
than only minor streets) and (2) whether there is a public transport station
located in the block (Block and Block 1999). In our Chicago data, we coded
stops of the El, the Chicago elevated railway system.

To measure robbery crime attractors, for each Chicago census block,
counts of various types of retail businesses were obtained from marketing
information collected by Claritas (www.claritas.com) on businesses in the
city. A subset of nine types of shops and businesses was selected for which
the proportion of cash transactions is likely to be high and which had less
than 11 employees. They include (1) bars and clubs, (2) restaurants, fast-
food outlets and food stands, (3) barber shops and beauty salons, (4) liquor
stores, (5) grocery stores, (6) general merchandise shops, (7) gas stations,
(8) laundromats, and (9) pawn shops, currency exchange, and check-
cashing services. Some other types of small businesses were excluded
because we thought they were unlikely to be characterized by a high volume
of cash transactions, such as furniture stores and clothing stores. Admit-
tedly, there is some subjectivity included in this selection, an issue we
address in the discussion.

To measure more specific crime attractors, the local presence of illegal
“vice” markets was geocoded from incident files of the Chicago Police
Department of the years 1996-1998 and aggregated to the census block
level (see the discussion above for geocoding police recorded incidents).
They include (1) drug-related incidents, (2) prostitution-related incidents,
and (3) gambling-related incidents. Although some illegal market activities
may be pursued indoors and go unnoticed by the public and the police, the
number of incidents reflect the amount of street level drug dealing, prosti-
tution solicitation, and gambling in a census block.

The presence of offender anchor points was measured by (1) the amount
of gang activity in the block and (2) the number of addresses of arrested rob-
bers residing in the block. Police designated gang crimes were used to esti-
mate gang activity. For each census block, and for each of the eight largest
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and most active Chicago gangs, the number of gang-related incidents was
counted that took place within the block between the years 1993-1996.
An incident is classified as gang-related only if there is positive evidence
that gang activity or gang membership is a motive for the incident. Block
and Block (1993) and Maxson and Klein (1990) discuss the validity of this
classification. Examples of gang-motivated incidents are retaliation, terri-
torial defense, recruitment, internal conflict involving leadership, visually
or verbally representing the gang, and street-level distribution of narcotics
organized by the gang. Note that gang membership alone does not define an
incident as gang-related. The large majority are nonlethal violent offenses.
Robberies account for 2.8% of the gang-related incidents. Gang members
do commit robberies, but they will only be registered as gang-related
if explicitly motivated by gang activities or membership (also see Block and
Block 1993).

A separate Chicago Police Department (CPD) file included 18,127
addresses of the residence of robbers residing in Chicago, who were arrested
for an incident in the city from 1996 to 1998. This is obviously a subset of all
robbers, as not all robberies are reported to the police and not all reported rob-
beries are solved by the police. These addresses were geocoded. Offenders
who lived outside the city or whose given address did not match a residential
address (using property tax roles) in the city were excluded from geocoding.
Given those exclusions all were successfully geocoded. Of all the offenders
who gave an address in Chicago, about 95% fit the geocoding criteria.

Following the approach suggested by Bernasco and Luykx (2003), the
number of offender addresses per census block was used as a measure of
the concentration of offender anchor points (because subsequent robberies
committed by the same offender could not be distinguished, they may
include multiple occasions of the same person).

Information on the block population was obtained from the U.S. 2000
Census. It includes the total numbers of households, families, and residents
in the census block and the racial and ethnic composition of the population.
The racial and ethnic composition was used to create both the population
percentage African American in the block and the ethnic heterogeneity of
the block population. Ethnic heterogeneity was defined using a Herfindahl
index calculated as 1 — (42 + H? + W?2) /(4 + H + W + O)* where 4, H,
W, and O are the numbers residents of African American, Hispanic, White,
and Other origin, respectively, that lived in the block. The only variable
measured at the aggregated block group level (but used here at the block
level) is the percentage of households living below the poverty threshold.
The three population variables were used only to characterize the residential
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population of the 17,144 (70 percent) of the blocks that had more than
20 residents. Descriptive statistics of the variables used in the analysis are
displayed in Table 1.

To estimate spatial effects, spatially lagged versions of all relevant inde-
pendent variables were constructed using a geographic information system
(GIS). First, using the “queens criterion,” two census blocks were defined
to be adjacent if they shared at least a border or a single point. Next, the
spatially lagged version of a variable X is defined as the sum of X in all adja-
cent cells (but excluding the value of X in the focal cell). For example, if a
block has a liquor store and there are two more liquor stores in adjacent
blocks, the focal block has one liquor store and its local environment has
two liquor stores.

Our data comprise over 75,000 street robberies committed over 1996-
1998 across nearly 25,000 blocks in Chicago. On average, each block has
just over 3 robberies in total, or 1 per year. The number of robberies (over
three years) ranges from 0 to 103.

To model the robbery count, we use the negative binomial model, a gen-
eralization of the Poisson model that is more flexible with regard to the rela-
tion between the mean and the variance (Osgood 2000). Berk and
McDonald (2008) warn that substituting the Poisson® model with the more
general negative binomial is only an appropriate solution if the cause of
overdispersion is in the random part of the model (in the error term) and not
in the systematic part (parameters and independent variables). In particular,
they argue that overdispersion may be caused by spatial autocorrelation.
Spatial autocorrelation in variable X means that there is a significant posi-
tive or negative correlation between the value of X in a census block and the
values of X in adjacent census blocks. In a regression modeling context, spa-
tial autocorrelation refers to spatial autocorrelation in the residual, a condi-
tion that violates the assumption that the observations are independent.

The inclusion of spatially lagged independent variables, representing
potential spillover effects of adjacent blocks, does not imply that residual
autocorrelation is absent. To assess residual spatial autocorrelation, we cal-
culated a common spatial autocorrelation measure, Moran’s I, which
reflects the correlation between the regression residual of a block and the
mean residual of adjacent blocks (using the Queens criterion for adjacency,
that is, including all blocks that touch the focal block in at least a single
point). Moran’s I was calculated for Pearson residuals® after each of the
models estimated and reported in Table 3 (below).

We also routinely tested for collinearity problems. Ill-conditioned data,
data characterized by near dependencies between the independent variables,
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Table 1. Descriptive Statistics of Dependent and Independent Variables

Standard

Variable %>0 Mean Deviation Min  Max N

Robberies 60 3.05 5.51 0 103 24,594

Total population 77 11775 15395 0 9,36l 24,594

Small commerecial 22 0.45 .10 0 20 24,594
businesses (combined)

lllegal markets (combined) 57 7.01 2373 0 1,148 24,594

Accessibility facilitators 26 0.58 1.13 0 16 24,594
(combined)

Gang activities (incidents) 31 1.21 409 0 192 24,594

Number of robbers in 28 0.74 2.04 0 49 24,594
population

Bars, clubs 4 0.04 0.21 0 3 24,594

Restaurants, 9 0.12 044 O 9 24,594
food stands, etc.

Barbers, beauty salons 8 0.11 0.43 0 17 24,594

Liquor stores 2 0.02 015 0 3 24,594

Grocers 5 0.05 024 0 4 24,594

General merchandise | 0.0l 0.14 0 I 24,594
stores

Gas stations 5 0.06 0.26 0 4 24,594

Laundromats | 0.01 0.10 0 2 24,594

Currency exchange, 2 0.03 0.22 0 4 24,594
pawn shops

Drug dealing activities 55 6.13 22.39 0 1,146 24,594
(incidents)

Prostitution soliciting 12 0.71 5.85 0 265 24,594
(incidents)

Gambling activities 9 0.17 0.90 0 33 24,594
(incidents)

Main street along block 25 0.25 44 0 | 24,594
(yes/no)

El station in block (yes/no) | 0.0l 007 O | 24,594

Percentage below poverty 17.62 15.09 0 100 17,144
(Block group)

Ethnic heterogeneity 27 22 0 75 17,144
(Herfindahl index)

Percentage African American 39.61 44.65 0 100 17,144

Percentage with a Positive Count (at least |), mean, standard deviation, minimum, and
maximum (N = 24,594 Chicago Blocks, and N = 17,144 Chicago Blocks with a population
above 20 residents).
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Table 2. Mean Number of Robberies 1996-1998. Comparing Blocks with Nearest
Crime Attractors Located in the Block, Located in the Next Block or Located
Farther Away

Variable Frequency Mean Number of Robberies
Total number of blocks 24,594 3.1
Bars and clubs

in block 892 59

in next block 4,954 4.1

farther away 18,748 2.6
Fast-food restaurants

in block 2,102 7.4

in next block 8,144 3.9

farther away 14,348 1.9
Barbers and beauty salons

in block 1,978 73

in next block 8,090 4.1

farther away 14,526 1.9
Liquor stores

in block 518 10.2

in next block 3,473 5.8

farther away 20,603 24
Grocery stores

in block 1,197 8.4

in next block 6,464 48

farther away 16,933 2.0
General merchandise stores

in block 235 11.0

in next block 1,412 6.7

farther away 22,947 2.7
Gas stations

in block 1,191 5.9

in next block 6,284 3.8

farther away 17,119 2.6
Laundromats

in block 246 9.2

in next block 1,808 6.1

farther away 22,540 2.7
Pawn shops and check cash services

in block 511 55

in next block 3,591 4.7

farther away 20,492 3.0

(continued)
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Table 2 (continued)

Variable Frequency Mean Number of Robberies
Drugs incidents

in block 13,428 5.0

in next block 8,890 0.8

farther away 2,276 0.2
Prostitution incidents

in block 2,939 7.7

in next block 6918 3.8

farther away 14,737 1.8
Gambling incidents

in block 2,259 8.6

in next block 8,132 4.1

farther away 14,303 1.6
Main street

in block 6,197 4.5

in adjacent block 9,674 3.0

farther away 8,723 2.0
El station

in block 138 13.4

in adjacent block 954 57

farther away 23,502 29
Any gang activity

in block 7,634 6.5

in adjacent block 9,766 2.1

farther away 7,194 0.6
Any residences of arrested robbers

in block 6,838 6.2

in adjacent block 10,052 2.7

farther away 7,704 0.7

can give rise to collinearity problems whereby the results become unstable
under small pertubations of the data. Despite the large size of the data ana-
lyzed here (N = 24,594), the potential for collinearity is present, especially
because some of the models incorporate the independent variables as well
as their spatial lags, which tend to be correlated. Collinearity diagnostics
include the calculation of variation inflation factors (VIF) as well as the
condition number.

The VIF of a variable is defined as VIF; = 1/(1 — R?), where R? is the
multiple correlation coefficient of variable X; regressed on the remaining
independent variables (Belsley 1991a:27). High VIF values indicate serious
multicollinearity problems. A cutoff value of 10 has commonly been
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suggested, although the acceptability of higher VIF values under some cir-
cumstances has also been defended (O’Brien 2007). For each model, we
report both the mean and the highest VIF value of each model.

Another multicollinearity diagnostic is the condition number of the
matrix of independent variables, for which values above 30 have been sug-
gested as indicating potentially serious collinearity (Belsley 1991b). The
condition number is also reported for each model estimated in Table 3.

Findings

Table 2 explores the relations between the number of robberies and pres-
ence of crime attractors, crime generators, and offender anchor points in and
near a block. For all variables used to represent crime attractors, crime gen-
erators, and offender anchor points, simple dichotomous indicator variables
were created. For small commercial business activities, the variable indi-
cates whether at least one of each type of business was located in the block.
For illegal markets, it indicates whether at least one incident of drugs deal-
ing, prostitution soliciting, or gambling, respectively, was recorded by the
police in the block. Accessibility facilitators are the location of a block
along a main street and the presence of an El station. The presence of moti-
vated robbers is indicated by whether the block is the residence of at least
one arrested robber, and gang activity was indicated by one or more police-
recorded gang-related incidents.

Subsequently, a GIS was used to calculate, for each of the dichotomous
variables just described, whether they applied to at least one block that was
adjacent to the focal block. A new categorical variable was then created
according to which the crime attractor, crime generator, or offender anchor
points was either (1) located inside the focal block, no matter whether is was
also present in an adjacent block, (2) located in an adjacent block, but not in
the focal block, and (3) neither located in the focal block nor in an adjacent
block, and thus farther away (see Figure 1 for an illustration).

The findings in Table 2 are simple but provide a clear and consistent con-
clusion regarding each of the crime generator, crime attractor, and offender
anchor point categories—small legal commercial businesses, illegal mar-
kets, accessibility facilitators, gang activity, and offender residential con-
centrations. Blocks that have a crime generator or attractor or offender
anchor point inside their boundaries have the highest robbery count. Blocks
that do not have a crime generator or attractor or offender anchor point, but
are adjacent to a block that has one, have fewer robberies. The lowest num-
bers of robberies are found in blocks that have no generators or attractors or
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Figure I. Coding of Location of Crime Attractors as Being “in block,” “in adjacent
block,” and “farther away” in Table 2.

offender anchor points and are not adjacent to a block that does. For exam-
ple, blocks with a barber shop or beauty salon within their boundaries had
7.3 robberies, blocks adjacent to a block with a barber shop or beauty salon
had 4.1 robberies, against only 1.9 robberies on average for blocks located
farther away from a barber shop or beauty salon. The same ordering holds
for all indicators.

Although suggestive, the bivariate relations do not provide sufficient
evidence to assess which crime attractors, crime generators, and offender
anchor points influence the occurrence of robberies, and which ones are
most decisive. The locations of some of the facilities may be correlated. For
example, if most barber shops are along main streets and main streets attract
robberies, the bivariate relation between robberies and the presence of bar-
ber shops may be spurious. Multivariate models alleviate these issues and
estimate effects directly and simultaneously.

Therefore, negative binomial models were estimated in which the 24,594
census blocks in Chicago are the units of analysis, the 3-year total number
of robberies that occurred in the block is the dependent variable, and the
presence and proximity of crime attractors and generators and offender
anchor points are the main independent variables.

Model A in Table 3 presents the results of a model that includes as a
dependent variable the recorded number of robberies over the years
1996-1998, and as independent variables, the numbers of each of nine types
of small legal commercial businesses, the numbers of recorded incidents
involving drugs, prostitution, and gambling, the number of police recorded
gang activities, the number of residences of robbers, the presence of a main
street along the block, and the presence of an El station in the block.

In addition to these crime generator and attractor categories, the popula-
tion size of the block is included as a generic measure of the “exposure” to
robbery risk in the block. Thus, rather than include the population size in the
left-hand side of the equation as a denominator of the robbery rate, the
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effect of exposure is parameterized in the right-hand side as a separate vari-
able. Note that the exposure to personal crime in an area would normally
include both the resident and the transient population (Andresen 2006),
those who live in the area and those who visit the area. However, the size
of the transient population is not measured directly but is presumed to be
incorporated in the effect of the other variables. In other words, crime gen-
erators generate crime by drawing an enlarged transient population into the
block.

The results of model A displayed in Table 3 support the hypotheses. All
crime generators, crime attractors, and offender anchor points increase the
number of robberies. For example, adding a liquor store to the block
increases the expected number of robberies by 67 percent, and the blocks
with an El station have more than 4 times as many robberies as similar
blocks without an EI station.

The bottom of Table 3 presents diagnostic information on the model.
The alpha value of 1.24 means that there is considerable overdispersion
in the data, indicating the negative binomial model fits the data better than
a Poisson model. The mean and maximum VIF and the condition number
are all low and indicate the absence of degrading collinearity. The residual
autocorrelation of .37 is significant and indicates that the unexplained part
of the model, the error term, is spatially clustered. While it is lower than the
autocorrelation of .46 in the dependent variable (number of robberies per
block), this suggests that some spatially autocorrelated explanatory vari-
ables have not been included in the model.

Model B, also presented in Table 3, is identical to model A, but includes
spatially lagged variables that indicate the presence of crime generators and
crime attractors in adjacent blocks. For example, “Nr. of groceries” in the
focal block section indicates the number of groceries in the focal block,
while “Nr. of groceries” in the “adjacent blocks™ section indicates how
many groceries were available in the blocks adjacent to the focal block.

The results of model B demonstrate, first, inclusion of the spatially
lagged variables somewhat lowers the estimated effect of the same variable
that applies to the focal block (the presence of an El station being the only
exception). For example, the effect of gang activity decreases from 1.62 in
model A to 1.21 in model B. This is apparently because gang activity in
adjacent blocks is correlated (i.e., spatial autocorrelation in the independent
variable) and effects of gang activity in adjacent blocks was attributed to
gang activity in the focal block in the interpretation of model A.

Second, all lagged variables have effects similar to those of the original
variables although not all are statistically significant. Thus, for example, the
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presence of a gas station in the block increases robberies in the block, but so
does the presence of a gas station in an adjacent block. Thus, the land uses
that attract crime to a block have similar crime-attracting repercussions on
adjacent blocks. This is a substantive finding, as potentially some crime
attractors may actually “compete” for crime with nearby potential destina-
tions, so that a strong crime attractor in one block actually draws crime
away from neighboring blocks. The results of model B show that this is not
the case.

Third, the effects of the spatially lagged versions of the variables are
consistently smaller than those of the original variable. Thus, as far as the
presence of small legal businesses and gang activity is concerned, the pres-
ence of a crime generator or attractor in the focal block increases the num-
ber of robberies more than does the presence of a crime generator or a crime
attractor in an adjacent block.

The diagnostic statistics for this model show that the amount of linear
dependency among the independent variables is larger in model B than in
model A, which should be expected because all variables tend to be corre-
lated with their spatial lags. Nevertheless, collinearity is not problematic
according to standard rules of thumb for VIF (which are all far below 10)
and the condition number (which is far below 30). The residual autocorrela-
tion (.30) is lower than in model A, which is to be expected because more
variables are included in model B. Taking into account that the model is
based on the assumption of zero residual spatial autocorrelation, it is still
somewhat high.

The estimates of two additional models are reported in the last two col-
umns of Table 3. Both apply only to the 17,144 census blocks in Chicago,
which had more than 20 residents. Restricting the estimation sample to this
70 percent of the total number of blocks allows us to check whether the rela-
tions between robbery and the presence of crime attractors, crime genera-
tors, and offender anchor points also apply when characteristics are taken
into account of the people who live in the block. After all, St. Jean’s ethno-
graphic research was limited to an area with a predominantly poor African
American population, while crime pattern theory should be applicable any-
where in principle.

Model C is a copy of model B but applied to the subset of blocks with a
population of more than 20. The estimates are very similar to those of model
B, except that the effects of population size and spatially lagged population
size are weaker in model C (because 30 percent of the blocks at the low end
of the population size distribution have been removed) and that the effects
of presence of an El station and the spatially lagged presence of an El station
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are weaker (El stations are relatively often situated in nonresidential
blocks). All four effects are still positive and significant though. In sum, the
main conclusion from the results of model C is that the effects of crime
attractors, crime generators, and offender anchor points also hold in residen-
tial blocks.

Model D includes a (block group) measure of poverty and the two vari-
ables that capture racial and ethnic composition. All three variables are
positively related to the number of robberies in the block. The main point
to be taken from the results of model D, however, is that the inclusion of
population characteristics does not give rise to substantively different con-
clusions regarding the effects of crime attractors and generators and offen-
der anchor points. All effects that refer to the presence of crime attractors,
crime generators, and offender anchor points in the focal block are positive
and significant. This holds true also for most of the spatially lagged effects,
although between models C and D a few weak effects (lagged bars, lagged
restaurants, and lagged gang activities) switch from significance to non-
significance or the other way around. Thus, the results of model D demon-
strate that the conclusions drawn about effects of crime attractors, crime
generators, and offender anchor remain valid when characteristics of the
composition of the residential population of the block are taken into
account.

Even in model D, which contains no less than 37 independent variables,
the diagnostic statistics demonstrate the absence of any degrading collinear-
ity. The VIF and the condition number are well within the limits commonly
deemed acceptable. Spatial autocorrelation, however, is still present in the
residuals of model D. The inclusion of demographic population variables in
this model has further reduced the residual spatial autocorrelation to .22, a
value much lower than the unconditional spatial autocorrelation of .46 of
the dependent variable, number of robberies in the block, but not negligi-
ble.* The existence of nontrivial residual autocorrelation implies that we
may underestimate the standard errors of the model coefficients (odds
ratios).

Conclusions and Discussion

On the basis of ethnographic research in a deprived Chicago community,
St. Jean (2007) demonstrated that even in areas with high crime rates,
crimes occur much more frequently in the vicinity of cash economies than
in blocks that are completely residential. While St. Jean used the term “eco-
logical disadvantage” to describe the local presence of cash economies,
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environmental criminologists have referred to such places as crime
attractors and crime generators (Brantingham and Brantingham 1995). The
current research has shown that St. Jean’s observations not only hold in a
single deprived area, but that they apply citywide. It has also demonstrated
that in addition to pull factors —the presence and proximity of crime attrac-
tors and crime generators—push factors are important as well—the pres-
ence and proximity of motivated offenders’ anchor points.

The spatial distribution of street robbery was studied across all the nearly
25,000 Chicago census blocks and related to the presence of a wide array of
crime generators, crime attractors, and offender anchor points within and
nearby these blocks. It was shown that “ecological disadvantage” not only
includes the presence of small legal commercial business but also the pres-
ence of illegal markets (drugs, prostitution, and gambling), of accessibility
facilitators (main streets and public transport hubs), and of the anchor points
of motivated offenders. Finally, it was empirically demonstrated that blocks
that host crime attractors and generators not only have elevated numbers of
robbery themselves but also radiate their elevated crime risk to adjacent
blocks. Thus, they do not function as lighting rods that reduce the risk of
damage in their immediate environment but instead infect their immediate
environment with increased risk.

Similar to St. Jean’s original findings, these results seamlessly fit into the
environmental criminology perspective that has generally stressed the role
of opportunity structures. They provide support for the usefulness of the
concepts of crime attractors and crime generators. For crime pattern theory,
the inclusion of the locations of offenders’ anchor points is specifically rel-
evant because it links aspects of opportunity and general accessibility to the
issue of restricted mobility. Blocks located near concentrations of moti-
vated offenders are vulnerable because the geographical range of humans
is limited so that motivated offenders generally do not travel far and, thus,
are likely to commit crimes near their residences or other anchor points.

While St. Jean was in the position to investigate the indicators of broken
windows and collective efficacy at the level of blocks and street segments in a
local community, quantitative city-wide data on levels of social and physical
disorder and collective efficacy are not available at the census block level,
only at much higher levels of spatial aggregation such as neighborhood clus-
ters (Sampson, Raudenbush, and Earls 1997). Therefore, in this research the
explanatory value of “ecological disadvantage” could not be juxtaposed and
compared to those of collective efficacy and social and physical disorder.

In contrast to most research on the spatial distribution of crime, in which
explanations are sought in the social, demographic, and economic
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characteristics of the resident population, our study was mainly concerned
with block-to-block variations in land use. The results of models estimated
using only the 70 percent of blocks that had a population of more than 20
residents, show that the size of the resident population, the racial and ethnic
composition of the block, and the poverty level in the block group do have
additional effects beyond those of land use, but also suggest that the effects
of crime attractors and generators and offender anchor points are general
and apply independently of whether they are located in residential blocks
and independently of the specific characteristics of the people who live in
the block.

Although the measurement and analysis of census blocks as spatial units
of analysis is much more precise, and much better grounded theoretically
than the use of aggregates such as block groups or census tracts, it should
be noted that a face block, the two sides of a street between two junctions,
is an even more natural spatial unit, not only because it is even smaller than
a block but also because it is characterized by intervisibility (Smith et al.
2000; Taylor 1997). Furthermore, not all census blocks in Chicago are on
a perfect grid. Some of the most important commercial streets are diagonals.
Therefore, census blocks along these streets are triangles. Furthermore, cen-
sus blocks are not only bounded by streets but also by railways and natural
barriers such as rivers and Lake Michigan. Future analyses using more
detailed geographic features than census block boundaries could provide
a deeper understanding of how spatial patterns of robbery are influenced
by the urban geography and land uses.

With respect to the statistical modeling of spatial effects, this study has
demonstrated the relevance of modeling effects of the spatial environment
in situations where the spatial units of analysis are as small as census blocks.
Theoretical arguments were put forward to use (negative binomial) regres-
sion models with lagged independent variables rather than spatial error or
spatial lag regression models.

Other research modeling spatial crime distributions has typically tackled
the issue of spatial autocorrelation by using spatial lag or spatial error mod-
els (Anselin 1988) and by referring to the associated parameter as indicating
spatial “diffusion” or “spillover.” Although this spatial diffusion para-
meter effectively captures remaining residual spatial autocorrelation, in
general this procedure as not a constructive modeling approach unless it
is very explicitly specified what the “diffusion” or “spillover” process
entails. Diffusion, for example, implies a fixed temporal order, and ““spil-
lover” assumes a fixed amount that is redistributed, but these characteristics
are not implied in the estimation of a spatial autocorrelation parameter.
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Spatial lag models assume that the number of robberies in a block has a
causal effect on the number of robberies in adjacent blocks, but it is difficult
to think of a plausible mechanism that could underlie such an effect. Rob-
bers do not select a place because it is near to the location of other robberies,
but because it is near to the target that also attracted other robbers.

The effects of spatially lagged independent variables in our model are
much more direct and explicit. They indicate, for example, that the number
of robberies in a block is affected by the proximity of a gas station or a gro-
cery store. The nontrivial level of residual spatial autocorrelation that is
present in our models is in part a consequence of specifying explicit spatial
effects in the form of specified lagged independent variables. The diagnos-
tic value of the result is that it demonstrates that apparently there exist other
spatially correlated factors that drive the distribution of robbery incidents at
block level but that have not been included in our analyses. Other poten-
tially relevant but unmeasured crime attractors and crime generators
include, for example, bus stops, parking places, supermarkets, warehouses,
bookstores, clothing stores, and pharmacies. Other potentially relevant
block characteristics may include, for example, the signs of physical dete-
rioration and the lack of collective efficacy that St. Jean (2007) investigated.
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Author’s Notes

1. A census block is often thought of as an area that is encompassed by four streets,
but this is an oversimplification even in a gridded city like Chicago. Boundaries
of census blocks may be railroads or natural barriers (Lake Michigan). Large
industrial sites and cemeteries are also census blocks. The size of census blocks
ranged from 24 Sq M to 7,756,826 Sq M with a median of 19,680 Sq M. Of
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24,736 census blocks, 5,867 had no population. There are 142 that had no land;
these were excluded from the analyses.

2. Poisson model coefficients were also estimated and compared with those of the
negative binomial models presented in Table 3. Only minor differences were
found. More specifically, estimates of the Poisson and the negative binomial
model were always in the same direction, and did not vary a great deal in mag-
nitude. A few of the spatially lagged variables were just significant in one spe-
cification but not in the other.

3. The Pearson residual is whereis the predicted value and y is the observed value.

4. To check whether the amount of residual autocorrelation was related to the use of
the specific type of residual chosen (the Pearson residual), we verified that other
types of residuals (Anscombe residual and Deviance residual, see Pierce and
Schafer, 1986) displayed the same amount of residual autocorrelation. We fur-
ther verified that residual autocorrelation was of approximately the same magni-
tude when a simple OLS regression model was used instead of the negative
binominal regression model. In all cases, residual autocorrelation ranged
between .20 and .24.

References

Andresen, Martin A. 2006. “Crime Measures and the Spatial Analysis of Criminal
Activity.” British Journal of Criminology 46:258-85.

Anselin, Luc. 1988. Spatial Econometrics: Methods and Models. Dordrecht:
Kluwer.

Baller, Robert D., Luc Anselin, Steven F. Messner, Glenn Deane, and Darnell F.
Hawkins. 2001. “Structural Covariates of U.S. County Homicide Rates: Incor-
porating Spatial Effects.” Criminology 39:561-90.

Belsley, David A. 1991a. Conditioning Diagnostics. Collinearity and Weak Data in
Regression, Wiley Series in Probability and Mathematical Statistics. New York:
Wiley.

Belsley, David A. 1991b. “A Guide to using the collinearity diagnostics.” Compu-
tational Economics 4:33-50.

Berk, Richard and John M. MacDonald. 2008. “Overdispersion and Poisson Regres-
sion.” Journal of Quantitative Criminology 24:269-84.

Bernasco, W. 2010. “Modeling Micro-Level Crime Location Choice: Application
of the Discrete Choice Framework to Crime at Places.” Journal of Quantitative
Criminology 26:113-38.

Bernasco, Wim and Floor Luykx. 2003. “Effects of Attractiveness, Opportunity and
Accessibility to Burglars on Residential Burglary Rates of Urban Neighbor-
hoods.” Criminology 41:981-1001.



Bernasco and Block 55

Block, Carolyn Rebecca and Richard Block. 1993. Street Gang Crime in Chicago.
Washington, DC: National Department of Justice, Office of Justice Programs,
U.S. Department of Justice.

Block, Richard and Carolyn Rebecca Block. 1995. “Space, Place and Crime: Hot
Spot Areas and Hot Spot Places of Liquor-Related Crime.” in Crime and
Place, edited by John E. Eck and David Weisburd. Monsey, NY: Criminal
Justice Press.

Block, Richard and Carolyn Rebecca Block. 1999. “The Bronx and Chicago: Street
Robbery in the Environs of Rapid Transit Stations.” in Analyzing Crime Pat-
terns: Frontiers of Practice, edited by Victor Goldsmith, Philip G. McGuire,
John B. Mollenkopf, and Timothy A. Ross. Thousand Oaks, CA: SAGE.

Brantingham, Paul J. and Patricia L. Brantingham. 1995. “Criminality of Place:
Crime Generators and Crime Attractors.” European Journal of Criminal Policy
and Research 3:5-26.

Clarke, Ronald V. 1999. Hot Products: Understanding, Anticipating and Reducing
Demand for Stolen Goods, Police Research Series, Paper 112. London: Home
Office.

Fotheringham, A. Stewart. 1985. “Spatial Competition and Agglomeration in Urban
Modelling.” Environment and Planning A 17:213-30.

Heitgerd, Janet L. and Robert J. Bursik, Jr. 1987. “Extracommunity Dynamics and
the Ecology of Delinquency.” The American Journal of Sociology 92:775-87.

Hipp, John R. 2007. “Income Inequality, Race, and Place: Does the Distribution of
Race and Class Within Neighborhoods Affect Crime Rates?” Criminology
45:665-97.

Kinney, J. Bryan, Patricia L. Brantingham, Kathryn Wuschke, Michael G. Kirk, and
Paul J. Brantingham. 2008. “Crime Attractors, Generators and Detractors: Land
Use and Urban Crime Opportunities.” Built Environment 34:62-74.

Maxson, Cherl L. and Malcolm W. Klein. 1990. “Defining Gang Homicide: An
Updated Look at Member and Motive Approaches.” in Gangs in America.
2nd ed, edited by C. Ronald Huff. Newbury Park, CA: SAGE.

McCord, Eric S. and Jerry H. Ratcliffe. 2007. “A Micro-Spatial Analysis of the
Demographic and Criminogenic Environment of Drug Markets in Philadelphia.”
Australian and New Zealand Journal of Criminology 40:43-63.

Mears, Daniel P. and Avinash S. Bhati. 2006. “No Community is an Island: The
Effects of Resource Deprivation on Urban Violence in Spatially and Socially
Proximate Communities.” Criminology 44:509-48.

Messner, S. F., L. Anselin, R. D. Baller, D. F. Hawkins, G. Deane, and S. E. Tolnay.
1999. “The Spatial Patterning of County Homicide Rates: An Application of
Exploratory Spatial Data Analysis.”

15:423-50.

Journal of Quantitative Criminology



56 Journal of Research in Crime and Delinquency 48(1)

Oberwittler, Dietrich and Per-Olof H. Wikstrom. 2009. “Why Small Is Better:
Advancing the Study of the Role of Behavioral Contexts in Crime Causation.”
in Putting Crime in its Place: Units of Analysis in Geographic Criminology, edi-
ted by David Weisburd, Wim Bernasco, and Gerben J. N. Bruinsma. New York:
Springer.

O’Brien, Robert. 2007. “A Caution Regarding Rules of Thumb for Variance Infla-
tion Factors.” Quality and Quantity 41:673-90.

Osgood, Wayne. 2000. “Poisson-Based Regression Analysis of Aggregate Crime
Rates.” Journal of Quantitative Criminology 16:21-43.

Pierce, Donald A. and Daniel W. Schafer. 1986. “Residuals in Generalized Linear
Models.” Journal of the American Statistical Association 81:977-86.

Roncek, Dennis W. and Pamela A. Maier. 1991. “Bars, Blocks, and Crimes Revis-
ited: Linking the Theory of Routine Activities to the Empiricism of ‘Hot Spots.’”
Criminology 29:725-53.

Sampson, Robert J., Stephen W. Raudenbush, and Felton Earls. 1997. “Neighbor-
hoods and Violent Crime: A Multilevel Study of Collective Efficacy.” Science
277:918-24.

Sherman, Lawrence, Patrick R. Gartin, and Michael E. Buerger. 1989. “Hot Spots of
Predatory Crime: Routine Activities and the Criminology of Place.” Criminol-
ogy 27:27-55.

Smith, William R., Sharon Glave Frazee, and Elisabeth L. Davison. 2000. ““Further-
ing the Integration of Routine Activity and Social Disorganization Theories:
Small Units of Analysis and the Study of Street Robbery as a Diffusion Process.”
Criminology 38:489-523.

St. Jean, Peter K. B. 2007. Pockets of Crime. Broken Windows, Collective Efficacy,
and the Criminal Point of View. Chicago: University of Chicago Press.

Stucky, Thomas D. and John R. Ottensman. 2009. “Land Use and Violent Crime.”
Criminology 47:1223-64.

Taylor, Ralph B. 1997. “Social Order and Disorder of Street Blocks and Neighbor-
hoods: Ecology, Microecology, and the Systemic Model of Social Disorganiza-
tion.” Journal of Research in Crime and Delinquency 34:113-55.

Tita, George, Jacqueline Cohen, and John Engberg. 2005. “An Ecological Study of
the Location of Gang ‘Set Space.’” Social Problems 52:272-99.

Tobler, Waldo R. 1970. “A Computer Movie Simulating Urban Growth in the
Detroit Region.” Economic Geography 46:234-40.

Weisburd, David, Gerben J. N. Bruinsma, and Wim Bernasco. 2009. “Units of Anal-
ysis in Geographic Criminology: Historical Development, Critical Issues, and
Open Questions.” in Putting Crime in its Place: Units of Analysis in Geographic
Criminology, edited by David Weisburd, Wim Bernasco, and Gerben J. N.
Bruinsma. New York: Springer.



Bernasco and Block 57

Weisburd, David, Shawn Bushway, Cynthia Lum, and Sue-Ming Yang. 2004. “Tra-
jectories of Crime at Places: A Longitudinal Study of Street Segments in the City
of Seattle.” Criminology 42:283-322.

Wellsmith, Melanie and Amy Burrell. 2005. “The Influence of Purchase Price and
Ownership Levels on Theft Targets: The Example of Domestic Burglary.” Brit-
ish Journal of Criminology 45:741-64.

Wright, Richard T. and Scott H. Decker. 1997. Armed Robbers in Action. Boston:
Northeastern University Press.

Zipf, George Kingsley. 1949. Human Behavior and the Principle of Least Effort. An
Introduction to Human Ecology. Cambridge, MA: Addison-Wesley.

Bios

Wim Bernasco is a Senior Researcher at the Netherlands Institute for the Study of
Crime and Law Enforcement (NSCR). His research includes studies of criminal tar-
get choice, crime displacement, geographic offender profiling, and repeat and near
repeat victimization.

Richard Block is a Senior Professor of Sociology at Loyola University, Chicago.
He pioneered the statistical analysis of spatial crime data, codeveloped STAC, the
first statistical tool to identify crime hot spots, and collaborates in the development
of CrimeStat, a widely used toolbox for spatial and spatiotemporal crime analysis,
and in the assessment of Chicago Ceasefire.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 266
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 200
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 266
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 900
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /ConvertToRGB
      /DestinationProfileName (sRGB IEC61966-2.1)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9
      /MarksWeight 0.125000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /UseDocumentProfile
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [288 288]
  /PageSize [612.000 792.000]
>> setpagedevice


