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Spatial Regression Models
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A decade ago, Jacqueline Cohen and George Tita served as guest editors for a special volume
of the Journal of Quantitative Criminology (Vol 15, #4, 1999) that was dedicated to the study
of the diffusion of homicide. In their Editor’s Introduction (Cohen and Tita 1999a), they con-
cluded that the results presented in special volume,' along with recent work by Morenoff
and Sampson (1997), clearly demonstrated that the observed patterns of violence were con-
sistent with patterns one might expect if violence does, in fact, diffuse over space. That
is, levels of violence are not randomly distributed; instead, similar rates of violence clus-
ter together in space (i.e., violence exhibits positive spatial autocorrelation.) Furthermore, a
growing number of studies began to demonstrate that even after controlling for the ecological
features known to be associated with high levels of crime (e.g., poverty, population density,
male joblessness, female-headed households, etc), the clustering of high values could not be
explained away. These early spatial studies of diffusion helped to establish the existence of
an unobserved “neighborhood effect” that seemed to be responsible for spatially concentrated
high-crime areas.

Not to diminish the contribution of these studies in advancing our understanding of crime
and violence, Cohen and Tita ended their introduction by noting that there was much work to
be done.? First, in order to understand diffusion, models needed to include a more complete
accounting of temporal considerations. Though the spatial analysis of cross-sectional data is
helpful in determining whether or not the initial conditions consistent with diffusion are being

' The contributors to this special issue included Cork; Mencken and Barnett; Messner, Anselin, Baller, Hawkins,
Deane and Tolnay; Cohen and Tita; and Rosenfeld, Bray and Egley.

2 Cohen and Tita neglect to address the issue of employing the appropriate spatial scale in terms of the spatial unit of
analysis. Hipp (2007) and Weisburd et al. (2008) offer excellent treatment of this important topic.
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satisfied, without analyzing change over time one cannot capture the movement of spatial
patterns over time. Second, even during the homicide epidemic of the late 1980s and early
1990s, homicide remained a rare event when compared to other types of crimes. In order to
fully understand the mechanisms that drive the diffusion of violence, research needed to be
conducted on nonlethal violence (as well as other types of crime.) According to the authors,
however, the single most daunting challenge facing the researchers was not developing better
methods or using better data in order to validate patterns of diffusion; the most important
hurdle was to create models that would produce results that could be used to gain a better
understanding of the “...mechanisms by which the recent homicide epidemic spread.” In
other words, Cohen and Tita called upon the research community to create models that would
help to unlock the black box of “neighborhood effects” by explicitly modeling the processes
that drive the spread of violence.

We hope to achieve several goals in this chapter. Though the term “spatial analysis” can
be applied to a broad set of methodologies (e.g., hot spot analysis, journey to crime analy-
sis, exploratory spatial analysis),’ we wish to focus specifically on the application of spatial
regression models to the ecological analysis of crime, which makes use of socio-economic
data aggregated or grouped into geographic areas. To do so, however, requires an introductory
discussion of the nature of spatial data and the associated exploratory analyses that are now
common when using geographically aggregated data. Therefore, we begin with an overview
of spatial data, with an emphasis on the key concept of spatial autocorrelation, and provide
an overview of exploratory spatial analysis techniques that can assess the presence and level
of spatial autocorrelation in spatial data. We then move onto a discussion of spatial regression
models developed to address the presence of spatial effects in one’s data. Next, we highlight
some of the key findings that have emerged from the use of spatial regression in criminol-
ogy and evaluate whether or not they have helped in the identification of the particular social
processes responsible for the clustering and diffusion of crime. Drawing upon our own work
(Tita and Greenbaum 2008; Radil et al. 2010; Tita et al. 2009), we hone in on one of the most
important, though often overlooked, components of any spatial regression model — the spatial
weights matrix or “W.” We believe that the mechanisms and processes that drive the diffu-
sion of crime can best be understood by “spatializing” the manner in which information and
influence flows across social networks. Therefore, we examine some of the innovative ways
that researchers have used to specify “W” in criminology as well as other areas of study.
Keeping Cohen and Tita’s (1999a, b) argument about unlocking the black box of “neigh-
borhood effects” in mind, we conclude by emphasizing the importance of theoretically- and
empirically-grounded specifications of W to this goal.

THE NATURE OF SPATIAL DATA AND SPATIAL DATA ANALYSIS

Criminology, like most social sciences, is an observational science as opposed to an exper-
imental science. This is to say that researchers are not able to experiment with or replicate
observed outcomes, which take place at specific locations at specific times. When the structure
of the places and spaces in which outcomes occur is thought to affect the processes theorized

3 For an introductory treatment of these methods and the manner in which they have been used in criminology and
criminal justice, see Anselin et al. (2008).
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to give rise to the observed outcomes (such as theorized relationships between crime and
place — see Morenoff et al. 2001 or Sampson et al. 2002 for recent examples), the location
of each outcome is important information for researchers. Spatial data then are those with
information about the location of each observation in geographic space.

A fundamental property of spatial data is the overall tendency for observations that are
close in geographic space to be more alike than those that are further apart. In geography, this
tendency is referred to in “Tobler’s First Law of Geography,” which states that “everything is
related to everything else but near things are more related than distant things” (Tobler 1970:
236). Although more of a general truism than a universal law, Tobler’s “law” rightly points out
that the clustering of like objects, people, and places on the surface of the earth is the norm,
and such organizational patterns are of intrinsic interest to many social scientists (O’Loughlin
2003; Haining 2003). This property is called spatial dependence and has important implica-
tions for researchers. First, an observation at any given location can provide information about
nearby locations and one can therefore make informed estimates about the level of attributes
in nearby locations (e.g., spatial interpolation). Second, the tendency of data to vary together
across space creates problems for classical inferential statistical models and can undermine
the validity of inferences drawn from such models (Anselin 1988).

Another fundamental property of spatial data is the tendency for relationships between
variables to vary from place-to-place or across space. This tendency, known as spatial hetero-
geneity, is often due to location-specific effects (Anselin 1988; Fotheringham 1997). Spatial
heterogeneity has the important consequence of meaning that a single global relationship for
an overall study region may not adequately reflect outcomes in any given location of the study
region (Anselin 1988; Fotheringham 1997). Further, variations in local relationships can lead
to inconsistent estimates of the effect of variables at global levels, if the relationship between
the dependent variable of interest and the independent variables is characterized by a nonlinear
function (Fotheringham et al. 2002).*

Both of these properties of spatial data have been at the heart of spatial data analysis,
which is the development of quantitative analytic techniques that accommodate the nature
of spatial data for both descriptive and inferential statistical analysis and modeling (Anselin
1988; Haining 2003; Goodchild 2004). Anselin (1998) has referred to the collection of dif-
ferent methods and techniques for structuring, visualizing, and assessing the presence of the
degree of spatial dependence and heterogeneity as exploratory spatial data analysis, or ESDA.
For Anselin (1998), the key steps of ESDA involve describing and visualizing the spatial

4 We also wish to draw attention to another group of properties directly or indirectly related to how spatial data is
represented, organized, and measured by researchers. While not an exhaustive list, border effects, the so-called
‘modifiable areal unit problem,” and the challenges of ecological fallacy are three issues commonly encountered by
researchers using aggregated spatial data (see Haining 2009). Border effects refer to the fact that the often-arbitrary
boundaries of study regions may exclude information that affects outcomes within the study region (see Griffith
1983). The modifiable areal unit problem (MAUP) refers to the fact that the results of statistical analysis, such as
correlation and regression, can be sensitive to the geographic zoning system used to group data by area (see Gehlke
and Biehl 1934 or Robinson 1950 for classic examples of MAUP, or Openshaw 1996 for a more contemporary
review). Ecological fallacy, or the difficulty in inferring individual behavior from aggregate data, is ever present
in many social sciences attempting to predict individual behavior from an analysis of geographically aggregated
data (see King 1997; O’Loughlin 2003) While well-established in geography, these issues tend to resurface in
other disciplines as spatial analysis becomes more prevalent (for an example, see Hipp 2007). For a review of the
treatment of some of these issues in the spatial analysis of crime, see Weisburd et al. (2008).
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distributions of variables of interest, the identification of atypical locations (so-called “spatial
outliers”), uncovering patterns of spatial association (clusters), and assessing any change in
the associations between variables across space. While a comprehensive review of ESDA is
beyond the scope of this chapter (see Anselin 1998, 1999), we wish to draw attention to the
concept of spatial autocorrelation which is commonly present in data aggregated to geographic
areal units and is therefore of relevance to criminologists that commonly use such data.

Spatial dependence in spatial data can result in the spatial autocorrelation of regres-
sion residuals. Spatial autocorrelation occurs when the values of variables sampled at nearby
locations are not independent from each other. Spatial autocorrelation may be either positive
or negative. Positive spatial autocorrelation occurs when similar values appear together in
space, while negative spatial autocorrelation occurs when dissimilar values appear together.
When mapped as part of an ESDA, positively spatially autocorrelated data will appear to clus-
ter together, while a negatively spatially autocorrelated data will result in a pattern in which
geographic units of similar values scatter throughout the map (see Fig. 6.1).

The presence of spatial autocorrelation may lead to biased and inconsistent regression
model parameter estimates and increase the risk of a type I error (falsely rejecting the null
hypothesis). Accordingly, a critical step in model specification when using spatial data is to
assess the presence of spatial autocorrelation. And while different methods have been devel-
oped to address issues of spatial heterogeneity, such as identifying different spatial regimes
(subregions) and modeling each separately (Anselin 1988), spatial dependence must still be
addressed within distinct subregions once these have been identified.

A number of statistical methods have been developed to assess spatial autocorrelation
in spatial data both globally and locally. As described in the seminal works in geography
on spatial autocorrelation by Cliff and Ord (1973, 1981), the basic standard tests for spatial
autocorrelation are the join count statistic, suited only for binary data, and more commonly,
Moran’s I and Geary’s C, both suited for continuous data (Cliff and Ord 1973, 1981). Moran’s
I and Geary’s C are global measures of spatial autocorrelation in that they both summarize
the total deviation from spatial randomness across a set of spatial data with a single statis-
tic, although they do so in different ways. Moran’s [ is a cross-product coefficient similar
to a Pearson correlation coefficient and ranges from —1 to +1. Positive values for Moran’s

Positive spatial No spatial Negative spatial
autocorrelation autocorrelation autocorrelation

FIGURE 6.1. Spatial data may demonstrate a pattern of positive spatial autocorrelation (left), negative spatial auto-
correlation (right), or a pattern that is not spatially autocorrelated (center). Statistical tests, such as Moran’s 7, should
always be used to evaluate the presence of spatial autocorrelation.
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I indicate positive spatial autocorrelation and negative values suggest negative spatial auto-
correlation. Geary’s C coefficient is based on squared deviations, and values of less than
one indicate positive spatial autocorrelation, while values larger than one suggest negative
spatial autocorrelation. As a counterpart to the global statistics, there are also local statis-
tics that assess spatial autocorrelation at a specific location. These include the Getis and Ord
Gi and Gi* statistics (Getis and Ord 1992; Ord and Getis 1995) and the local Moran’s [
(Anselin 1995).

SIMULTANEOUS AUTOREGRESSIVE SPATIAL REGRESSION MODELS

While there are a variety of methods to address spatially autocorrelated data in regression
models, we focus here on what are commonly referred to as simultaneous autoregressive
(SAR) models, the standard workhorse in spatial regression in a variety of social science
fields, particularly those that make use of spatially aggregated socioeconomic data (Anselin
2006; Ward and Gleditsch 2008). Spatial regression models, including SAR models, have
been, in large part, developed as a response to the recognition that ignoring spatial dependence
when it is present creates serious problems. As Anselin (1988) and others have demonstrated,
ignoring spatial dependence in spatial data can result in biased and inconsistent estimates for
all the coefficients in the model, biased standard errors, or both. Consequently, inferences
derived from such models may be significantly flawed. While a thorough treatment of these
models is beyond the aims of this chapter, we offer a brief summary of the main variants before
moving on to offer some examples of how these models have been used in criminology.

SAR models can take three different basic forms (see Anselin 1988, 2002; Haining
2003). The first SAR model assumes that the autoregressive process occurs only in the depen-
dent or response variable. This is called the “spatial lag” model and it introduces an additional
covariate to the standard terms for the independent, or predictor variables and the errors used
in an ordinary least squares (OLS) regression (the additional variable is referred to as a “spatial
lag” variable which is a weighted average of values for the dependent variable in areas defined
as “neighbors”). Drawing on the form of the familiar OLS regression model and following
Anselin (1988), the spatial lag model may be presented as

Y =pWy + X +e¢,

where Y is the dependent variable of interest, p is the autoregression parameter, W is the
spatial weights matrix, X is the independent variable, and ¢ is the error term.

The second SAR model assumes that the autoregressive process occurs only in the error
term. In this case, the usual OLS regression model is complemented by representing the spatial
structure in the spatially dependent error term. The error model may be presented as

Y=XB+4+¢e e=AWe+pu,

where A is the autoregression parameter, and ¢ is the error term composed of a spatially
autocorrelated component (We) and a stochastic component (1) with the rest as in the spatial
lag model. The third SAR model can contain both a spatial lag term for the response variable
and a spatial error term, but is not commonly used. Other SAR model possibilities include
lagging predictor variables instead of response variables. In this case, another term must also
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appear in the model for the autoregression parameters (y) of the spatially lagged predictors
(WX). This model takes the form

Y =XB+WXA+e

Combining the response lag and predictor lag terms in a single model is also possible
(sometimes referred to as a “mixed” model).

As Anselin (1988) observes, spatial dependence has much to do with notions of relative
location between units in potentially different kinds of space and, accordingly, SAR mod-
els share a number of common features with network autocorrelation models. Substantively,
spatial and network approaches have been used to explore similar questions pertaining to
influence and contagion effects, albeit among different units of observations (see Marsden and
Friedkin 1993 for examples). In both cases, proximity or connectedness is assumed to facil-
itate the direct flow of information or influence across units. Individuals or organizations are
also more likely to be influenced by the actions, behaviors, or beliefs of others that are proxi-
mate on different dimensions, including geographical and social space. Methodologically, the
lack of independence among geographical units is identical in its content and construct to the
interdependence inherent among the actors in a social network (e.g., Land and Deane 1992).°

EXAMPLES FROM CRIMINOLOGY

Much of the spatial analysis of crime can be traced back to the unprecedented increase in
youth involved gun violence of the late 1980s’ an early 1990s. Scholars and writers in the pop-
ular media were quick to start talking in terms of this being a “homicide epidemic.” Within
the public health framework, an epidemic is simply defined as nonlinear growth of events
that typically spread within a subpopulation of susceptible individuals. Using existing data
sources (SHR, Chicago Homicide Data, etc.) as well as a set of city-specific microlevel homi-
cide data that were collected in part, or in whole, by the National Consortium on Violence
Research (NCOVR)° in such cities as Houston, Miami, Pittsburgh, and St. Louis, it was easy
for researchers to demonstrate that homicide rates did increase in a nonlinear fashion (e.g.,
Cohen and Tita 1999b; Rosenfeld et al. 1999; Griffiths and Chavez 2004) at the local level.

Along with these neighborhood-level studies, research at the national level (Blumstein
and Rosenfeld 1998; Cork 1999) and the county level (Messner et al. 1999; Baller et al. 2001;
Messner and Anselin 2004), have consistently demonstrated two things. First, the subpopula-
tion at greatest risk of homicide victimization during the epidemic was comprised of young
urban minority males. Second, homicides exhibit a nonrandom pattern as similar levels of vio-
lence cluster in space. Furthermore, the concentration of high violence areas typically occur
within disadvantaged urban communities.

3 In addition to the advances made by spatially oriented scholars such as Anselin (1988) and Ord (1975), much of
the methodological and empirical foundation currently used in spatial analysis was developed by scholars pursuing
properties of “network autocorrelation models” (Doreian and Hummon 1976; Doreian 1980).

6 The National Consortium on Violence Research (NCOVR) at Carnegie Mellon University was supported under
Grant SBR 9513040 from the National Science Foundation.
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Gangs, Drugs, and Exposure to Violence

As noted above, spurred on by the youth homicide epidemic, there was a considerable increase
in the number of published studies that explore the spatial distribution of violent crime, in gen-
eral, and homicide, in particular. Researchers began to map homicide in an effort to identify
susceptible populations, and to determine if the observed patterns of events were at least con-
sistent with spatial diffusion/contagion. From these studies, it was concluded that homicide
and violence exhibit strong patterns of spatial concentration.

The presence of positive spatial autocorrelation has been interpreted as evidence of
contagion. It is generally accepted that as violence increased during the last epidemic, cer-
tain neighborhood-level social processes or “neighborhood effects” were responsible for
the geographic spread and ultimately the concentration of violence in disadvantaged areas.
This conclusion rests heavily upon two facts. First, even after controlling for the socioeco-
nomic composition of place, patterns of spatial concentration remain. Second, those studies
which have examined local spatial patterns of violence over time do find evidence of dif-
fusion (Cohen and Tita’s 1999b; Griffiths and Chavez 2004.) Though no definitive answer
has emerged as of yet to the question of why violence displays certain spatial patterns, sev-
eral explanations have been put forth. In general, researchers have focused on the impact of
“exposure to violence” (including subcultural explanations) as well as the particular dynamics
and structure of violence involving illicit drug markets and/or violent youth gangs.

Viewing exposure as the social process that is responsible for the spatial clustering of
violence has its origins in subcultural explanations of violence. Loftin (1986) was the first to
argue that the spatial concentration of assaultive violence and its contagious nature was the
result of certain subcultural processes. His use of the term “subcultural” refers to a process
wherein violence spreads throughout the population as the result of direct social contact. He
argues that a small increase in violence can result in an epidemic in two ways. First, an epi-
demic results when a small increase in assaults sets off a chain reaction of events causing local
individuals to enact precautionary/protective measures in hopes of reducing their chances of
victimization. At the extreme, individuals take pre-emptive actions (i.e., assault others) to
protect against the possibility of being the victim of an assault. As more preemptive assaults
occur, even more people take preemptive actions thereby feeding the epidemic.

Secondly, Loftin argues that the very existence of the moral and social networks that link
individuals together within their local environment exacerbate the epidemic. “When violence
occurs it draws multiple people into the conflict and spreads either the desire to retaliate or
the need for preemptive violence through the network, potentially involving ever increasing
number of individuals in the fight” (Loftin 1986: 555). Loftin states this process relies upon
direct social contact and implicitly suggests that the concentration of violence must be the
result of the limited geographic scope of social interactions. However, one could also easily
imagine instances where the victims and offenders interact at schools, entertainment districts,
or possibly at the types of “staging grounds” where young men battle for respect within the
realm of the “code of the streets” (Anderson 1999).

The retaliatory nature of gang violence along with the violence associated with drug mar-
kets have also been offered as explanations for spatial patterns of violence. As noted by Tita
and Greenbaum (2008), these explanations are basically extensions of the above arguments in
that they represent “exposure” to a particular type of violence. That is, rather than exposure
to violence leading to a cultural norm that shaped individual behaviors, it was exposure to the
structural features of drug markets and urban street gangs that contributed to the escalation
and concentration of violence.
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Several features of drug markets, especially open-air markets selling crack-cocaine,
make them obvious candidates in explaining the diffusion of violence. First, guns quickly
became important “tools of the trade” among urban youth dealing crack. As Blumstein (1995)
hypothesized and empirically supported by Blumstein and Cork (1996), arming participants in
crack markets increases the risks of violence for nonparticipants as well. Faced with increased
risks to personal safety, youth outside crack markets increasingly carry guns and use them
to settle interpersonal disputes, thereby spreading gun violence more broadly among the
youth population. Second, drug markets often involve competition among rivals looking to
increase their market share. Therefore, drug related murders are likely to be retaliatory in
nature. Though these arguments are certainly plausible, the supporting evidence is mixed.
Though Cork (1999) finds that the spatial and temporal patterns of the increase in violence
mirror the emergence of crack-cocaine markets in various regions of the nation, studies in
Pittsburgh (Cohen and Tita 1999b), and another examining both Chicago and St. Louis (Cohen
et al. 1998) find little evidence that drug homicide increased levels of violence or drove local
patterns of diffusion.

Two important features define gangs that make them especially suitable candidates
responsible for diffusion (Decker 1996). First, they are geographically oriented. The turf or
“set space” where urban street gangs come together to be a gang is a well defined, subneigh-
borhood area that remains consistent over time (Klein 1995; Moore 1985, 1991; Tita et al.
2005). Second, urban street gangs are linked to other gangs via rivalry networks. As we note
below, research has demonstrated (Tita and Greenbaum 2008; Radil et al. 2010; Tita et al.
2009) that it is precisely the geography of gangs and their social networks that present a set of
structural properties researchers can exploit to better understand the spatial patterns of gang
violence.

Below, we provide a brief review of the extant literature from criminology and pub-
lic health that have employed spatial regression models. Though not meant to represent an
exhaustive review of this burgeoning literature, these studies do represent some of the most
widely cited articles in the field. After summarizing the findings and the methods, we make
the case for the importance of carefully modeling processes of influence into one’s spatial
weights matrix (W).

Empirical Studies of Crime Employing Spatial Regression

In what is widely recognized as the first attempt to explicitly model the spatial effects inherent
in the production and impact of violence, Morenoff and Sampson (1997) examine the impact
of violence on residential change in Chicago. They argue that in addition to reacting to the
level of violence in one’s own neighborhood, residents also react to the levels of violence
around them. Thus, among controlling for the socio-economic measures as well as the trends
in terms of residential transition, the authors also include a spatially lagged independent vari-
able in their model to capture the “spatial diffusion of homicide” (ibid: 56). Indeed, their
findings show that the impact of homicide on population changes will differ in a focal tract
depending upon the level of homicide in nearby tracts.

Morenoff et al. (2001) examined the spatial distribution of violence more directly. It
is this work that lays out the “exposure” and “diffusion” arguments. They argue that homi-
cide may be spatially clustered because the measures associated with violence (e.g., poverty,
population density, etc.) are spatially and temporally clustered, thus exposing residents who
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live in close proximity to each other to the same set of conditions. Additionally, the social
interactions that result in violence are likely to involve “.. .networks of association that fol-
low geographical vectors” (ibid: 523) along which violence is likely to diffuse. Specifically,
they mention the retaliatory nature of gang violence and the fact that homicide is likely to be
committed within groups of individuals known to one another. Their final conclusion is that
the spatial effects in their models are large in magnitude and that ecological models of crime
that focus only on the internal characteristics of the unit of observation (census tract) are likely
to suffer from misspecification. Though they find that “space” matters, and that it matters over
various spatial regimes (controlling for race of a neighborhood), the precise reason it matters
is less clear. As the authors note, they are “. . .unable to pinpoint the relative contributions of
exposure and diffusion” (Ibid: 552).

Rosenfeld et al. (1999) estimated a spatial lag model to determine if the patterns of “gang-
motivated” homicides differed compared to nongang youth homicides as well as homicides
that involved gang members but lacked any specific gang motivation. Three separate equations
are estimated using count data and also including the spatial lag of the count in surrounding
census tracts as an explanatory variable. What they find is that controlling for neighborhood
characteristics, only the spatial term in only the gang-motivated analysis is statistically signifi-
cant. The authors see this as evidence of gang-motivated homicides being contagious in nature
and that “. . .the spatial distribution of gang-motivated homicide may reflect intrinsic features
of the phenomenon and not simply the presence of facilitating neighborhood characteristics”
(Ibid: 512).

Smith et al. (2000) examine diffusion and spatial effects within the context of street rob-
bery. Once again, we see that the amount of street robbery in neighboring areas (census block
faces) impacts the level of street robbery on a focal block face. The authors conclude that the
spatial effect is consistent with diffusion resulting from the spatial bounds of the “awareness
space” (Brantingham and Brantingham 1981) of offenders. Drawing upon the existing “jour-
ney to crime” literature, the authors cap awareness space so that only levels of crime in block
faces within 1 mile of the focal block face are accounted for in the spatial weights matrix.

Gorman et al. (2001) examine the effects of alcohol outlets on violent crime rates in
Camden, New Jersey. Using census block groups at the unit of analysis, Gorman et al. make a
methodological argument using a spatial regression model as they identified significant posi-
tive spatial autocorrelation in crime rates and offer two spatial models: a spatial error model
and a spatial lag model. However, for the lag model, Gorman et al. produce spatial lags of
the independent variables rather than of the dependent variable (crime rates). While there is
little explanation offered for this modeling choice, the results of the independent variable lag
model suggest to the authors that while some explanatory variables in surrounding areas had a
significant impact on crime rates in a given unit, the density of alcohol outlets in neighboring
areas had no significant impact on crime rates. Gorman et al. find this as evidence that the
effects of alcohol outlets on violent crime are highly localized and spatially concentrated and
that such effects decay quickly with distance.

Kubrin and Stewart (2006) investigated relationships between neighborhood context and
recidivism rates of ex-offenders in Portland, Oregon. Although not expressly interested in
spatial diffusion, Kubrin and Stewart attempted to control for spatial autocorrelation in recidi-
vism rates across neighborhoods (measured by census tracts) by including a spatially lagged
recidivism variable in their multilevel model. However, due to the limitations of incorporating
spatial effects into multilevel models, they were unable to determine if the spatial dependence
in the rate of recidivism is evidence of diffusion or due to other effects, such as spillovers.
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Hipp et al. (2009) examine patterns of intra- and inter-group crime in an area of Los
Angeles, CA that has undergone significant residential transition taking it from majority
African-American to majority Latino over the last two decades. Their goal is to understand
the impact of this transition on both within-group and across-group violence. To control for
spatial effects, they estimate a model that includes spatially lagged predictors. Following the
lead of Elffers (2003) and Morenoff (2003), they argue that explicitly modeling the spatial
process through the lagged independent variables (median income, change in race/ethnicity,
and income inequality between racial/ethnic groups) is theoretically superior to a spatial lag
model. They contend that to “estimate a spatial lag model we would need to argue that the level
of either intra- or inter-group crime in a neighboring area has a direct ‘contagion’ effect on
crime in a focal area. We do not believe this is the case, especially with respect to inter-group
crime events” (Ibid: 41). Instead, they hold that spatial impacts may best be modeled through
*“...the racial/ethnic composition of adjacent neighborhoods (as these group compositions
could affect inter- and intra-group crime rates in the tract of interest), how that racial/ethnic
composition has changed, the income level of adjacent neighborhoods (which might create
additional stress or protective effects), and economic inequality in adjacent neighborhoods”
(Ibid). They employ a weights matrix that captures a distance-decay functions truncated with
a 2-mile cutoff. That is, the spatial effect goes to “0” for all census block groups beyond two
miles. To summarize, they find that the level of income inequality in surrounding areas has a
significant impact on inter-group violence in a focal tract as does the degree to which racial
transitioning from African-American to Latino remains ongoing.

In contrast to the small scale studies described above, Baller et al. (2001) focused on
national-level patterns of homicide aggregated to counties (see also Messner et al. 1999).
Baller and his colleagues examined homicide rates against selected socioeconomic character-
istics for continental U.S. counties for four decennial census years (1960, 1970, 1980, and
1990) and concluded that “homicide is strongly clustered in space” in each time period at
this scale. Baller et al. also identified the southeastern US as a distinct spatial regime and
interpreted a spatial lag model fit as evidence of a diffusion process in this region (the
nonsoutheastern regime best fit a spatial error model, which suggested that the spatial auto-
correlation in this regime was due to the presence of unmeasured variables). However, the
mechanisms for such diffusion are difficult to arrive at for such macrolevel studies and as
Baller et al. acknowledge, there is no a priori reason to assume spatial interaction between
counties on the topic of homicide and the large amount of spatial aggregation in the data
likely contributes to the perceived spatial dependence (2001: 568-569).

With the exception of Kubrin and Stewart (2006), the above studies use SAR spatial
models to examine a variety of phenomena, and each time find a spatial story to the issues at
hand. In these examples, spatial lag models were the most common choice but spatial error
models were also occasionally fielded either as an exploratory technique (Gorman et al. 2001)
or as a choice determined by model diagnostics (Baller et al. 2001). When a spatial lag model
was used in these examples, the dependent variable was selected for the lag with the exception
of Morenoff and Sampson (1997), Gorman et al. (2001) and Hipp et al. (2009), all of whom
lagged explanatory variables instead. This overview highlights the increasing consideration
of spatial effects in ecological studies of crime at different geographic scales and points to
the growing (but not exclusive) use of SAR models to incorporate such effects. However, the
formal model of the connection between the geographic units that underpin these and other
spatial models receive little attention in some of the examples, and many of the authors use
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simple measures of unit contiguity or adjacency to formally model the interaction of interest.
As an important but often overlooked element of spatial regression model specification we
turn our attention to the spatial weight matrix, or W.

THE SPATIAL WEIGHTS MATRIX W

Both SAR and network autocorrelation models estimate parameters in the presence of pre-
sumably interdependent variables (Anselin 1988; Leenders 2002). This estimation process
requires the analyst to define the form and limits of the interdependence and formalize the
influence one location (or network node) has on another. In practice, this is accomplished by
identifying the connectivity between the units of the study area through a n X n matrix. The
matrix is usually described as a “spatial weight” or “spatial connectivity” matrix and referred
to in the SAR models as “W.” This W, or matrix of locations, formalizes a priori assumptions
about potential interactions between different locations, defining some locations as influential
upon a given location and ruling others out.

A simpler way of describing this is that W identifies, in some cases, who is a neigh-
bor and who is not, or with whom an actor interacts. This notion of influence across space
is addressed in an empirical sense by criminologists when deciding whether two geographic
areal units are contiguous based upon borders or near enough for influence based on distances.
However, the construction of W is more than just an empirical choice about neighbors. It is
a theoretical decision regarding the processes being discussed and one that has implications
for the statistical estimates generated. Whether it is geographical or network space, W is used
to represent the dependence among observations in terms of the underlying social or geo-
graphic structure that explicitly links actors or geographic units with one another. As Leenders
(2002: 26) notes:

W is supposed to represent the theory a researcher has about the structure of the influence pro-
cesses in the network. Since any conclusion drawn on the basis of autocorrelation models is
conditional upon the specification of W, the scarcity of attention and justification researchers pay
to the chosen operationalization of W is striking and alarming. This is especially so, since different
specifications of W typically lead to different empirical results.

Following Leender’s point, discussions about the nature of W and how different specifica-
tion choices may affect regression results have indeed been underemphasized in most spatial
analytic literature: the relatively few examples to the contrary include Florax and Rey (1995)
and Griffith (1996). Despite these noteworthy efforts, Leenders (2002: 44) is correct in his
assessment that “the effort devoted by researchers to the appropriate choice of W pales in
comparison to the efforts devoted to the development of statistical and mathematical pro-
cedures.” The net effect of this lack of attention is that theoretical conceptions about the
role space plays in producing empirical patterns in a given dataset are often afterthoughts.
Hence, the vision of a “spatially integrated social science” (Goodchild et al. 2000) for crimi-
nology remains unfulfilled, because when space is included in the analysis of crime or other
social processes, it is often added in a default form without consideration of the processes in
question.

Such an attention deficit is a cause for concern as the products of the SAR models are
quite sensitive to the specification of W. For example, using simulated data, Florax and Rey
(1995) conclude that misspecification of W can affect the outcome of spatial dependence
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tests, such as the commonly used Moran’s [ test of spatial autocorrelation, and of estimates
of variables in spatial regression models. Griffith (1996), also using simulated data, reaches
a similar conclusion, stressing that while assuming some connectivity is always more rea-
sonable than assuming no connectivity, both underspecifying (identifying fewer connections
between spatial units than really exist) and overspecifying (identifying more connections) W
affect both regression estimates and the product of the diagnostic tests (maximum likelihood,
or ML, tests) used in spatial econometrics to choose between the lag or error models.

In our review of the models used in the studies outlined above, we find that without
exception, each specification of W is based either on simple contiguity, k-nearest neighbors,
or the use of distance decay metrics. Although challenging, more careful modeling of spatial
processes through the spatial weights matrix is of critical importance to understand the black
box of neighborhood effects emphasized by Cohen and Tita (1999a). As previously described,
network autocorrelation models involve a similar challenge to spatial models, and the net-
work literature offers useful parallels to the challenge in modeling spatial dependence and
interaction. In modeling dependence among nodes, social network analysts often begin with
a particular social process in mind and then carefully model that process into the network
autocorrelation matrix. For example, edges among nodes may be predicated upon specific
social relationships (e.g., friendship, familial, or instrumental ties) or shared membership into
formal/informal groups. Alternatively, one can decide that a pair of nodes is connected only
when they are similar along some particular dimension such as race, sex, income or “status”
(see the discussion of Mears and Bhati (2006) below). These types of important differences
can lead to very different specifications of the weights matrix.

Social scientists have employed social network analysis in an effort to explain a number
of social processes, most notably the diffusion of innovations, technology, and information
among individuals, societies, and organizations (e.g., Coleman et al. 1966; Rogers 1983;
Grattet et al. 1998). In defining underlying processes of contagion/social influence, network
scientists carefully differentiate between social processes of influence that operate through
direct ties or association among actors (referred to as “communication” or “structural cohe-
sion”) versus contagion that occurs among individuals who occupy shared positions within a
network (referred to as “comparison” or “equivalence”). The decision to choose one process
over another — communication versus comparison — is dependent upon one’s chosen theory.
As Leenders (2002: 26) succinctly states, “Change one’s theory, change W.”

To highlight the importance of specifying a W that is consistent to with the social pro-
cess of choice, we draw upon a classic example from the networks literature dealing with the
question of why and when certain physicians adopted a new medical innovation (tetracycline).
Coleman et al. (1966) posited that peer effects mattered, and demonstrated the importance of
structural cohesion or direct social ties in determining who adopted the new drug, and the
order in which it was adopted. That is, once a couple of doctors of “higher status” assumed
the role of “early adopters,” the next wave of adopters was comprised of the initial adopters’
friends. Decades later Burt (1987) offered an alternative hypothesis in which he argued that
individuals are often most strongly influenced by the actions and behaviors of rivals and
competitors and not by their friends. He reanalyzed the data and demonstrated that network
position (as measured by “structural equivalence”) was the defining predictor of adoption.
Burt concluded that friendship, or any form of direct communication, had little to do with
the pattern of adoption. Instead, doctors who held similarly high positions of “status” (e.g.,
subscribed to the multiple medical journals, were younger, made many house calls, kept up
on scientific advances) within the medical community adopted earlier than did older doctors,
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those who spent more time with their patients than keeping up with medical advances, and
who subscribed to fewer professional journals. Though neither the line of inquiry (adoption of
an innovation/diffusion) nor the methodology (network autocorrelation models) ever changed,
the theory employed in the research did.

MOVING BEYOND SIMPLE CONTIGUITY/DISTANCE
BASED SPECIFICATIONS OF W

Recently, in order to better capture specific processes or patterns of influence, criminologists
have begun to explore alternative specifications of the weights matrix that move beyond sim-
ple contiguity or distance. Mears and Bhati (2006) build off the long-standing finding that
resource deprivation is positively associated with local levels of violence by asking whether
the level of resource deprivation in other counties could influence violence in a focal neighbor-
hood. In addition to controlling for the level of disadvantage in surrounding communities, the
authors also construct weights matrices based upon the level of “social similarity” between
places. The authors smartly point out that what happens in focal neighborhood might only
influence events in other neighborhoods if there is a mixing of the population between the two
places. Though the research does not actually have network data linking the friendships and
communication across place, they reason on the bases of “homophily” (Blau and Blau 1982;
McPherson et al. 2001) that social interactions are more likely among “similar” individuals.
Using various measures of resource deprivation to construct alternative measures of W, con-
trolling for both resource deprivation in surrounding neighborhoods (as well as controlling for
spatial lags of homicide, the dependent variable), they find that geographic as well as “social
proximity” to resource deprivation was associated with higher homicide rates. Furthermore,
social proximity, or nearness in terms of social similarity, had a much stronger impact than
did geographic proximity alone. An interesting finding from their research is that while these
results held for both instrumental and expressive types of homicides, no effect was found with
regard to gang-related homicides. For that insight into this finding, we turn to a recent set of
studies looking specifically at gang violence.

In an effort to better understand the spatial distribution of violence involving gang
members, Tita and Greenbaum (2008) and Tita et al. (2009) also examine spatially proxi-
mate effects of violence as well as violence in socially proximate communities. This body
of research lays out a very clear hypothesis regarding how gang violence in an area might
influence gang violence in other areas. By exploiting the spatial nature of gangs (they hang
out in specific areas, known as “set space” (Tita et al. 2005)), and the social dynamics of
gangs (they are linked to other gangs through a network of rivalries), they hypothesize that
the violence in a focal area will have a stronger impact on violence in areas that are linked
through the sociospatial dimensions of the gang rivalry network than will spatial contiguity
alone. In fact, the studies in Los Angeles, CA (Tita et al. 2009) and in Pittsburgh, PA (Tita
and Greenbaum 2008) both demonstrate support for this hypothesis. That is, the purely geo-
graphic nature of “diffusion” was muted when one controlled for whether or not proximate
(or nonproximate) areas (block groups) were linked by containing the set space of rival gangs.
The authors of both studies are careful to point out that they constructed their weights matri-
ces with a specific process in mind — the transmission of violence through a gang rivalry
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network — and caution that had they been interested in looking at other types of violence (e.g.,
drug violence, domestic violence), their particular “social similarity matrix”” would have been
inappropriate.

SUMMARY

The use of spatial regression has clearly advanced our understanding of crime patterns at both
the local (neighborhood) and county level. We include Table 6.1 as a summary of both the
traditional and the more creative research examining spatial effects. Summarizing the table,
we know that whether for recidivism, homicide, gang violence, or robbery, there is evidence
for spatial dependence and possible spatial interaction processes at work. We also know that
addressing the spatial autocorrelation present in most aggregated crime data offers more reli-
able modeling estimates and that attempting to understand the substantive sources of spatial
dependence in the social processes of crime leads is a critical step in model specification.
However, as Table 6.1 demonstrates, our thinking and operationalization of the spatial pro-
cesses has, until recently, remained at the level of only accounting for connections between
units in the simplest of geographic terms. Complex theoretical stories about the mechanisms
of diffusion between places can quickly become lost in a spatial weight matrix that uses the
simplest conceptions of geography (simple measures of adjacency/contiguity, or distance such
as Rook/queen’s contiguity, linear distance decay functions, or k-nearest neighbor) to spec-
ify the nature of interaction, including scope, direction, and intensity. As there remains no
statistical method capable of estimating the “best fit” of a spatial weight matrix to one’s
data (Leenders 2002: 38), embodying theory into the specification of W is the only sensible
recourse available.

A recent article by Sampson and Sharkey (2008) examined intra-urban movement pat-
terns of 4,000 families in Chicago between 1994 and 2002. The take-away point of this
research is that there is great disparity in the types of places that people move to, and that
where people move can be explained by controlling for race and economic. While there is
evidence that poor whites or poor Latinos will move into nonpoor neighborhoods that may
contain sizable white populations, the mobility of blacks along all levels of income is restricted
among existing predominately black neighborhoods. Nonpoor blacks rarely move into other
nonpoor areas comprised of nonblacks, and while some poor blacks may move into nonpoor
black communities, the vast majority of moves for poor African-Americans are into other
poor black neighborhoods. We highlight this research because it provides the richness of data
to truly understand the sociospatial nature of influence. From these findings, it seems evident
that incidents of violence in poor black neighborhoods are far more likely to diffuse into other
poor black neighborhoods than in surrounding, nonblack (poor or otherwise) neighborhoods.
In this regard, it confirms the assumptions of Mears and Bhati (2006) regarding the connec-
tivity among places based on social similarity, but the level of detail in this study far exceeds
the use of resource deprivation as a proxy for social interaction.

We think that Sampson (2008) said it best noting that “The advent of GIS modeling and
new data sources on social interactions and networks of spatial connection are revealing the
profound spatial ordering of a bewildering array of urban phenomenon.” If we want to tackle
the question posed by Cohen and Tita (1999a) that motivated this chapter, researchers need to
exploit these types of data sets to truly understand the processes by which violence diffuses
across space.
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