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No Community Is an Island:  The Effects of Resource Deprivation on 

Urban Violence in Spatially and Socially Proximate Communities 

 

ABSTRACT 

 

The link between resource deprivation and urban violence has long been explored in 

criminological research.  However, studies have largely ignored the potential for resource 

deprivation in particular communities to affect rates of violence in others.  The relative 

inattention is notable because of the strong theoretical grounds to anticipate influences that 

extend both to geographically contiguous areas and to those that, although not contiguous, share 

similar social characteristics.  We argue that such influences—what we term spatial and social 

proximity effects, respectively—constitute a central feature of community dynamics.  To support 

this argument, we develop and test theoretically derived hypotheses about spatial and social 

proximity effects of resource deprivation on aggregated and disaggregated homicide counts.  Our 

analyses indicate that local area resource deprivation contributes to violence in socially 

proximate communities, an effect that, in the case of instrumental homicides, is stronger when 

such communities are spatially proximate.  We conclude by discussing the implications of our 

findings for theories focused on community-level social processes and violence, and for policies 

aimed at reducing crime in disadvantaged areas. 

 

KEY  WORDS:  homicide violence community resource deprivation 



 

BIOGRAPHICAL NOTE 

 

Daniel P. Mears, Ph.D., is an associate professor at Florida State University’s College of 

Criminology and Criminal Justice, 634 West Call Street, Tallahassee, FL 32306-1127, e-mail 

(dmears@fsu.edu), phone (850-644-7376), fax (850-644-9614).  He conducts basic and applied 

research on a range of crime and justice topics, including supermax prisons, juvenile justice 

reforms, domestic violence, agricultural crime, homicide, and prisoner reentry.  His work has 

appeared in Criminology, Journal of Research in Crime and Delinquency, Law and Society 

Review, Justice Quarterly, and Sociological Perspectives. 

 

Avinash S. Bhati, Ph.D., is a research associate at the Urban Institute’s Justice Policy Center, 

2100 M Street, N.W., Washington, D.C. 20037, e-mail (abhati@ui.urban.org), phone (202-261-

5329), fax (202-659-8985).  He has recently published in Sociological Methodology and 

currently is undertaking research using information theoretic analytic methods to model such 

outcomes as criminal recidivism, judicial discretion, and the spatial patterning of rare crimes. 

mailto:dmears@fsu.edu
mailto:abhati@ui.urban.org


1 

INTRODUCTION 

Scholars have long used resource deprivation to account for a range of ecological-level 

outcomes, with a particular focus on urban violence and, most notably, homicide (e.g., Land et 

al., 1990; Messner and Rosenfeld, 1999; Sampson et al., 2002).  They have, for example, 

attempted to link variants of the concept to homicide rates among nations (Braithwaite and 

Braithwaite, 1980), states (Kennedy et al., 1991), counties (Hawkins, 1999; Baller et al., 2001), 

standard metropolitan statistical areas (Balkwell, 1990), cities (Williams and Flewelling, 1988), 

and neighborhoods (Kubrin and Herting, 2003).  In their review, Land et al. (1990: 951) showed 

that resource deprivation is one of the most consistent predictors of homicide.  Today, resource 

deprivation frequently is viewed through the lens of social disorganization theory and its 

variants, with scholars typically arguing that greater levels of deprivation contribute to homicide 

by reducing community-level social control and collective efficacy (Bursik and Grasmick, 1993; 

Morenoff et al., 2001; Kubrin, 2003; Hannon, 2005). 

Juxtaposed against this body of research is the increased attention given to examining spatial 

patterns and processes that may help account for urban violence (e.g., Baller et al., 2001).  The 

justification in part stems from the observation that what occurs in communities may be affected 

by conditions and events external to them (Hope, 1995).  For example, Morenoff et al. (2001) 

found that “spatial effects were larger than the standard structural covariates and an array of 

social processes” (p. 552), and, specifically, that spatial proximity to violence increases 

community-level homicide rates (p. 551).  Although such research has drawn attention to the 

possibility that communities may influence, or be influenced by, physically adjacent areas, the 

literature to date has been largely silent about the possibility that community-to-community 

effects may not be bound by geographic proximity.  The question thus stands:  do social 

conditions within communities influence violent crime in other communities, and, if so, is the 

influence bounded by physical space?  Put differently, do the effects of social conditions in a 

given community extend to communities that are geographically proximate as well as to those 

that are geographically distant but perhaps socially similar? 

To answer this question, the present study extends criminological research on resource 
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deprivation and urban violence by developing and testing hypotheses concerning the influence of 

resource deprivation on violence in both spatially proximate (i.e., geographically contiguous) and 

socially proximate (i.e., socially similar) communities.  Here, we are not examining spatial 

diffusion processes, wherein violence in one community causes crime in another.  Rather, we 

examine whether resource deprivation exerts an influence on violent crime in other communities.  

In so doing, our analyses contribute to a growing body of work aimed at illuminating the social 

structure, conditions, and dynamics of communities and how these influence social behavior.  

We begin first by reviewing relevant theoretical and empirical research and then develop a series 

of specific hypotheses derived from this body of work.  We describe the data, methods, and 

findings, and conclude with a summary and discussion of the study’s implications for theory, 

research, and policy, emphasizing the need for theories that can account for how communities 

may affect one another and for analytic strategies adequate for estimating such influences. 

 

THEORETICAL BACKGROUND 

 

URBAN VIOLENCE AND UNBOUNDED COMMUNITY EFFECTS 

Communities have constituted a central analytic focus of criminological and sociological 

research dating back to Durkheim (1947) and Weber (1968).  Today, the study of communities 

has enjoyed a renewed level of scholarly attention, especially among scholars of urban violence.  

Over the past thirty years, for example, Shaw and McKay’s (1947) social disorganization 

theory—which argued that poverty, ethnic heterogeneity, and residential mobility contributed to 

crime—has been substantially revised and expanded.  Versions of the theory today focus on 

informal and formal social control mechanisms, social networks and organizations, and social 

capital (e.g., the ability, through social ties, to achieve shared goals) within communities 

(Morenoff et al., 2001; Sampson et al., 1997; Browning et al., 2004; Silver and Miller, 2004). 

Many studies increasingly have emphasized the importance of within-community dynamics, 

including the salience of social networks and ties, especially as these relate to achieving 

particular goals (Sampson et al., 2002).  Spatial dynamics have emerged as a new area of 

emphasis as well, the central contention being that what occurs within communities may be 
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affected by geographically proximate areas (Griffiths and Chavez, 2004; Peterson and Krivo, 

2005).  For example, Morenoff et al. (2001), along with other scholars (e.g., Cohen and Tita, 

1999; Smith et al., 2000), have argued that “interpersonal crimes such as homicide are based on 

social interaction and thus subject to diffusion processes” (p. 522).  More pointedly, the authors 

have emphasized that homicides typically involve “networks of association that follow 

geographical vectors” (p. 523).  Such research suggests that violence—and, more generally, the 

influence of such social conditions as resource deprivation—can spill over from a community 

into adjacent and spatially proximate communities (Baller et al., 2001; Browning et al., 2004). 

Despite the renewed interest in communities and the now prominent focus on spatial 

dynamics, markedly few studies have examined how community conditions may exert an 

influence in social—not just geographic—space.  Yet, such an effect is anticipated by a 

considerable body of theory and research that points to the unbounded nature of social 

interactions (Wellman, 1979, 1999; Putnam, 2000).  Indeed, as intimated in the paper’s title, and 

as originally articulated by the 17th century poet, John Donne: 

No man is an island, entire of itself; every man is a piece of the continent, a part of the main.  

If a clod be washed away by the sea, Europe is the less, as well as if a promontory were, as 

well as if a manor of thy friend’s or of thine own were.  (Abrams, 1962: 1107) 

Donne might as well have stated that communities do not exist in isolation; rather, they may 

affect and be affected by other communities with which they co-exist and interact. 

That insight is evident in research today that highlights the embeddedness of communities, 

even those that may be isolated or set apart in certain respects, within broader social contexts 

(e.g., Gans, 1962; Hannerz, 1980; Fischer, 1984).  Public transportation systems, for example, 

frequently may establish the pathways along which work and social relations are routinized 

(Wellman and Leighton, 1979; Oliver, 1986).  They also break down geographic barriers that 

might otherwise impede interactions among people from spatially distal communities.  As Oliver 

(1986: 3) has written, “In modern post-industrial cities . . ., residential heterogeneity, cheap and 

effective transportation, and [their] scale, density and diversity are all conducive to the 

cultivation of unbounded ties.”  Echoing this assessment, Sampson et al. (2002: 469) recently 
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observed that “the nature of routine activity patterns in modern U.S. cities [is such that] residents 

traverse the boundaries of multiple neighborhoods during the course of a day.” 

The potential for social ties to extend beyond geographic boundaries—that is, to be spatially 

unbounded—assumes particular importance when we consider that accounts of community 

effects often emphasize the central role of social networks and interactions (Wellman, 1999; 

Putnam, 2000; Sampson et al., 2002).  Although much of this work has focused on within-

community contexts, its underlying logic does not preclude non-spatial effects and indeed 

anticipates them.  For example, to the extent that resource deprivation or other social structural 

conditions influence residents, a ripple effect can be expected that extends to areas where their 

networks—whether spatially or socially proximate—exist.  That is, it can be expected that the 

residents might “carry” the effects of, say, resource deprivation, with them as they go to other 

areas, or that others who visit a resource-deprived area carry its effects back with them to their 

home communities.  As Morenoff et al. (2001: 518) recently have observed, “Social networks in 

[today’s modern neighborhoods] are more likely to traverse traditional ecological boundaries, 

implying that social processes are not neatly contained in geographic enclaves.”  However, it 

bears emphasizing that the effect need not necessarily involve the movement of individuals.  

Rather, residents of particular communities may learn about conditions in others—ones in which 

they may have a particular interest or that they may be more likely to gather information about 

because of similarities between them (Taub et al., 1984)—and potentially alter their behavior in 

ways similar to those of residents in the referenced communities. 

  Research on social networks suggests that individuals usually seek out others, whether 

spatially proximate or not, who are similar to themselves (Lazarsfeld and Merton, 1954; Fischer, 

1984; McPherson et al., 2001) or with whom they feel solidarity (Lawler, 2001).  Such networks 

are particularly relevant for understanding urban violence.  Studies show, for example, that 

homicide offenders and victims typically know one another (Reiss and Roth, 1993) and that 

homicide is largely an intraracial phenomenon (Messner and Rosenfeld, 1999; Wadsworth and 

Kubrin, 2004).1  In this regard, McPherson et al.’s (2001) recent review of the homophily 

literature bears special mention.  They found that “race and ethnicity are clearly the biggest 
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divide in social networks today in the United States,” with the divisions occurring along a range 

of dimensions, including marriage, confiding, schoolmate friendships, work relations, “limited 

networks of discussion about a particular topic,” and “the mere fact of appearing in public 

together” (420).  Indeed, one national probability sample found that “only 8 percent of adults 

with networks of size two or more mention having a person of another race with whom they 

‘discuss important matters,’ less than one seventh the heterogeneity that we would observe if 

people chose randomly from that population” (McPherson et al., 2001: 420, citing Marsden, 

1987).  In short, to the extent that community-to-community influences on urban violence exist, 

they likely involve social networks in which race and ethnicity feature prominently. 

 

RESOURCE DEPRIVATION AND HOMICIDE 

As part of the resurgence of research on communities (Sampson et al., 2002), scholars today 

often employ community-focused theoretical models to account for homicide.  The emphases 

vary across such studies, but typically involve a focus on such concepts as collective efficacy, 

community participation, social activism, social capital, social control, social networks and ties, 

and social trust (see, e.g., Sampson et al., 1997; Morenoff et al., 2001; Browning et al., 2004; 

Messner et al., 2004; Hannon, 2005).  More generally, many recent and past studies of homicide 

examine, to varying degrees, the role of community-level social and economic conditions in 

contributing to homicide, with particular attention given to resource deprivation as a central 

analytic construct (e.g., Taylor and Covington, 1988; Krivo and Peterson, 1996; Baumer et al., 

2003).  That focus largely stems from the fact that resource deprivation is consistently found to 

be among the strongest correlates of homicide (Land et al., 1990: 951). 

The hypothesized effect of resource deprivation depends on one’s theoretical perspective 

(Sampson et al., 2002).  For example, control theory perspectives, such as social disorganization 

theory (Shaw and McKay, 1947; Bursik and Grasmick, 1993), suggest that resource deprivation 

reduces community controls, while strain theory perspectives suggest that it impedes the ability 

of individuals to achieve socially desired goals and thus creates frustration (Merton, 1938; Blau 

and Blau, 1982; Agnew, 1992; Messner and Rosenfeld, 1999).  Sampson et al. (1997) and others 
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(e.g., Kubrin and Herting, 2004) have developed considerably more complex and nuanced 

analyses of the role of resource deprivation, and similar constructs, in contributing to homicide. 

Regardless of their complexity, most accounts are grounded in the notion that resource 

deprivation contributes to violence by influencing social interactions (Browning et al., 2004).  

However, as emphasized earlier, neither existing theory nor research indicate that such 

interactions are always bounded in space by community borders.  For example, many accounts 

suggest that “social networks among residents and between communities” influence “a 

community’s capacity to exert social control” (Messner et al., 2004: 884; emphasis added). 

A diverse body of theory and research thus suggests that such community-level conditions as 

resource deprivation can affect social behavior in the communities where these conditions exist 

and in other communities, whether through social networks and interactions or other, non-

interactive mechanisms.  The latter possibility bears emphasis.  Simply put, even in the absence 

of social interaction, residents of communities may modify their behavior based on what they 

observe, witness, or learn about, or what they are exposed to while in communities other than 

their own.  These other communities may serve as a template for identifying behaviors that are 

possible, desirable, or expected.  To illustrate, consider that residents tend to compare their own 

neighborhoods with those in which they might live (Taub et al., 1984) and that certain 

communities come to “acquire an identity or label” through a process of “neighborhood coding” 

(Hope, 1995: 56).  In the first instance, residents seek out areas similar to their own; in the latter, 

they may come to view their own community through the same prism that they know is being 

used to label a similar community as, say, crime-ridden. 

Regardless of the mechanism through which conditions in one community may affect 

another, the first critical step is to determine whether such a dynamic exists.  As we have shown, 

theory and research indirectly support that hypothesis, but direct tests of it and related 

hypotheses have been conspicuously absent in studies of urban violence.  Extant studies instead 

have focused primarily on the effects of community-level conditions on behavior within the 

communities where these conditions exist.  More recently, it has focused on the possibility of 

spill-over effects of violence, leading, for example, to similar homicide rates among 
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geographically contiguous communities (Morenoff et. al., 2000).  In addition, some studies have 

examined the displacement of crime from one area to another due to an intervention targeting a 

specific area or place (Weisburd and McEwen, 1998).  An increasingly large literature has also 

systematically examined whether crime “hot spots” have spill-over effects, with violence 

diffusing from these areas to geographically proximate communities (Sherman et al., 1989; 

Braga, 2001).  But such studies have yet to systematically explore the possibility that local area 

social conditions influence violence in spatially and socially neighboring communities. 

Research on the potential influence of areal-level social conditions on spatially adjacent and 

socially similar communities holds considerable promise for informing criminological research.  

It can address an important gap in research on violent crime by showing how one of the most 

commonly identified ecological-level determinants of homicide, resource deprivation, may 

influence homicides not only in resource-deprived areas but also in spatially and socially 

proximate communities, especially those with similar racial and ethnic composition.  Such 

research is especially warranted given that many murders occur non-locally—in one study, for 

example, over half of all homicides were found to involve non-local offenders and that “in more 

than 46 percent of incidents, victimization took place outside the victim’s census tract” (Tita and 

Griffiths, 2005: 304)—and that social networks within and across communities may be 

channeled along areal-level racial and ethnic dimensions (Corzine et al., 1999). 

 

HYPOTHESES 

 To advance theory and research on communities and urban violence, we build on previous 

studies and examine whether resource deprivation—one of the most commonly used community-

level dimensions used in analyses of violence—affects homicide in spatially and socially 

proximate communities.  Specifically, we test five hypotheses that draw on existing theory and 

research.  First, we hypothesize that communities with higher levels of resource deprivation will 

experience higher amounts of homicide.  This effect is anticipated by social control and strain 

theories and by a large body of empirical studies (Land et al., 1990; Hannon, 2005).  Indeed, 

given such research, it would be surprising if the hypothesis were not supported.  Our primary 
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interest, however, lies in the hypotheses concerning spatial and social proximity effects. 

Second, communities with higher levels of resource deprivation will contribute to increased 

homicide in spatially proximate (adjacent) communities.  On one hand, there is little logical basis 

to expect that the effects of resource deprivation will be limited by geography.  As our review 

identified, for example, considerable research attests to the fact that in metropolitan areas 

individuals rarely restrict their movement to precise physical boundaries.  Thus, it is likely that 

community-level conditions may essentially be “carried” by individuals as they move between 

neighboring communities.  Even in the absence of interaction, residents of spatially proximate 

areas may monitor, learn from, and thus be influenced by what occurs in nearby communities. 

Third, communities with higher levels of resource deprivation will contribute to increased 

homicide in socially proximate communities.  As studies attest, social networks and processes 

may transcend spatial boundaries, with residents of particular communities not only visiting but 

also focusing greater attention on communities similar to their own.  To the extent that resource 

deprivation affects individuals who are parts of networks, its influence can be expected to extend 

to where these networks reside.  It may also extend to residents in communities who observe, 

witness, or otherwise learn about or are exposed to the community where the deprivation exists. 

A counter-hypothesis bears emphasis:  greater levels of resource deprivation in a given 

community may decrease homicides in socially similar communities that have lower levels of 

resource deprivation.  Why?  One possibility is that potential offenders in a more resource-

deprived community may perceive or experience relatively little formal or informal social 

control.  Therefore, they may be more likely to limit their offending to their home community, in 

turn reducing the amount of violence in other communities.  Following the same logic, potential 

non-local offenders may be drawn to socially similar communities that have greater levels of 

resource deprivation.  As a result, violence in their home communities may be reduced. 

Fourth, communities with higher levels of resource deprivation will contribute to higher 

amounts of homicide in spatially proximate communities, but this effect will be greater among 

communities that are more socially proximate.  Our reasoning—drawing on research that 

suggests that individuals are more likely to associate with others who are spatially proximate—is 
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that social interactions in networks, and awareness of other communities, is greater the closer 

communities are to one another in geographic space.  As Sampson et al. (2002: 445) have noted, 

“We can think of neighborhoods as ecological units nested within successively larger 

communities.”  The effects of resource deprivation on spatially adjacent communities that are 

socially similar thus should be greater because of the potential for more interactions and a greater 

awareness of conditions and events among residents in the respective communities. 

Finally, we anticipate that the effects of resource deprivation in geographic and social space 

will be similar across disaggregated types of homicide, including gang-related, instrumental, and 

expressive homicides, and two variants of the latter, non-stranger and stranger homicides, 

respectively.  A large literature on disaggregated homicides exists (see, e.g., Hawkins, 1999; 

Parker, 2004).  The argument for disaggregation is that “homicide is multidimensional; 

homicides vary in terms of the motive, characteristics of the victim and offender, setting, and 

circumstances” (Kubrin, 2003: 140).  Yet, as Flewelling and Hawkins’ (1999: 105) review 

found, “factors such as deprivation . . . may exhibit a pervasive influence across a range of 

violent behaviors and raise the question of whether different forms of lethal interpersonal 

violence might, to some extent, reflect different responses to fundamentally similar 

circumstances” (see also Kubrin, 2003: 159). 

Acknowledging that some studies contradict this assessment, we nonetheless find it 

compelling for two reasons.  First, the results of studies of disaggregated homicide rates are 

largely inconsistent, and the theoretical grounds for anticipating differential effects of 

independent variables is frequently vague or unspecified.  Second, and more importantly for the 

focus of our paper, there is little foundation in social disorganization theory and other accounts 

that have focused on resource deprivation for expecting a differential effect of deprivation—

especially via spatial and social proximity—on one type of homicide versus another.  Consider, 

for example, that resource deprivation may lead to greater frustration or strain among residents, 

either of which in turn might lead to any of the five types of homicide we examine. 

Disaggregation can, however, provide important opportunities to test and revise theories 

(Hawkins, 1999).  We therefore examine three commonly studied types of homicide—gang-
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related, instrumental, and expressive (Block and Block, 1992; Flewelling and Williams, 1999).  

We also examine both non-stranger and stranger expressive homicides, speculating, contrary to 

our general hypothesis, that resource deprivation may be more likely to affect non-stranger 

homicides in spatially and socially proximate communities.  Our reasoning is that spatial and 

social proximity effects arise through social networks.  Thus, the members of such networks, 

presumably non-strangers, should be more vulnerable to victimization relative to strangers. 

Collectively, tests of these hypotheses have important implications for advancing theory, 

research, and policy.  In particular, evidence of spatial and social proximity effects of resource 

deprivation would highlight the critical importance of insights that are embedded in 

criminological and sociological research on communities but are rarely examined empirically.  

Social networks, for example, are held to be important conduits of change, yet ecological 

analyses typically focus on their effects within communities.  Evidence of spatial and social 

proximity effects also would point to the need for studies that explore the specific processes that 

give rise to community-to-community influences.  The policy implications of such effects are 

also relevant.  For example, policies that create changes in specific communities might yield 

improvements in these and other, spatially and socially similar areas. 

 

DATA AND METHODS 

To test our hypotheses, we rely on Negative Binomial regression analyses to model the 

effects of the hypothesized predictors on total and disaggregated homicide counts.  In situations 

where the dependent variable of interest is a count measure with a preponderance of 0 counts and 

a highly skewed distribution, researchers typically rely on Poisson-based regression (Osgood, 

2000).  The Negative Binomial regression is an extension of this approach, but permits 

overdispersion, which is typically present in models of homicides (Kubrin, 2003).2 

We begin with analysis of all homicides and then proceed to an analysis of disaggregated 

homicides, including gang-related, instrumental, and expressive homicides, and a disaggregation 

of the latter into non-stranger and stranger homicides.  In the full models for the total and 

disaggregated homicide analyses, the model consists of the following specification: 
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Y = a + b1 (Controls) + b2 (RD) + b3 (RD SpaL) + b4 (RD SocL) + b5 (RD SpaL & SocL) 

where, as shown in Table 1, Y is the natural log of the homicide count (the Negative Binomial 

specification we use relies on a log link function), controls include the log of the resident 

population, percent of young men ages 15-25, percent of homeowners occupying their current 

residence five years or more, and spatial and temporal lags of homicide, and the explanatory 

variables include resource deprivation in a given community (RD), a resource deprivation spatial 

lag (RD SpaL), a deprivation social proximity lag (RD SocL), and a term capturing the 

interaction of the two deprivation lags (RD SpaL & SocL).  The interaction is not a traditional 

multiplicative term, but rather, as discussed below, involves taking the two forms of proximity 

(spatial and social) into account simultaneously. 

Empirical support for our first four hypotheses rests on finding positive and statistically 

significant values for the coefficients b2, b3, b4, and b5.  Support for hypothesis five rests on 

identifying a similar pattern of values across each of the disaggregated homicide models. 

Before proceeding, we should emphasize that our interest is in assessing the direct and 

indirect influences of resource deprivation.  To reiterate, consonant with prior research, we 

expect that a community’s resource deprivation will directly affect the amount of violence it 

experiences.  Indirectly, a community’s resource deprivation is expected to affect other 

communities that are spatially or socially proximate to it.  These effects are different from the 

mechanisms that result in either a spatial autocorrelation process (spatial clustering in omitted 

but relevant variables) or a spatial diffusion process (spatial effects of the amount of violence in 

one community on violence in nearby communities).  We include the spatial lag of violence in 

all our models merely as a control to ensure that spatial autocorrelation and diffusion processes 

are not misinterpreted as spatial or social spill-over effects associated with resource deprivation.3  

In a similar manner, we include the temporal lags of violence in all models to control for the 

effects of omitted but relevant community-level predictors that are fairly stable over time and 

that potentially could contaminate inferences about our main focus—namely, the direct and 

indirect effects of resource deprivation.4 
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DATA 

We drew on data from multiple sources.  With assistance from the Project on Human 

Development in Chicago’s Neighborhoods (PHDCN), we identified the 343 communities, or 

“neighborhood clusters” (with an average population of 8,000 people), overlaid by PHDCN upon 

Chicago’s 865 census tracts.5  These clusters are unique among ecological data in providing 

areal units of analysis that more readily conform to socially meaningful communities (Sampson 

et al., 1997).  We then merged in theoretically relevant structural, social, and economic variables 

for the year 1990 from the Neighborhood Change Database (NCDB) maintained by the Urban 

Institute in Washington, D.C.  The NCDB compiles tract-level information from the U.S. Census 

Bureau and its decennial censuses and makes it readily available in one database. 

Data for the dependent variables—aggregated and disaggregated homicide counts between 

1989 and 1991—were obtained from the Homicides in Chicago data files (Block and Block, 

1998) available from the Inter-University Consortium for Political and Social Research (ICPSR).  

We combined multiple years of data for the homicide measures to reduce measurement error and 

the problem of volatility in homicide counts from one year to the next (see Browning et al., 

2004: 513).  The Chicago homicide data are useful as a conventional measure of urban violence 

and can readily be linked to the PHDCN-defined areal units, given information about the 

mapping of census tracts to these units.  (We thank Robert Sampson for providing linking 

information about the clusters and the census tracts contained in them.)  Finally, the data also 

allow for the easy “typing,” or disaggregation, of homicides.  Official data have limitations (e.g., 

some crime goes unreported).  Here, however, we use homicide data, which typically provide a 

reliable and valid estimate of murders and, in turn, community violence. 

 

MEASURES 

Insert Table 1 near here 

Dependent variables.  We examined community-level homicide counts, as well as 

disaggregated counts, focusing on gang-related, instrumental, and expressive homicides.  In 

addition, we examined two sub-types of expressive homicides—non-stranger and stranger.  The 
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original Block and Block (1998) data provided ten codings, including gang-related and 

instrumental homicides.  We used four of the other codes—spousal attack, child abuse, other 

family expressive, and other known expressive—to create the non-stranger expressive category 

and used the stranger expressive code on its own.  We then combined these two types to create 

the expressive homicide category.  Three codes—sexual assault, other, and mystery—did not 

logically fit the gang-related, instrumental, and expressive categories and so were omitted from 

the disaggregated analyses.  To create the counts, we identified the tracts where the homicides 

occurred using location information from the Block and Block (1998) data file, then aggregated 

these counts to the cluster-level employed by the PHDCN.  As shown in Table 1, the mean 

homicide count across the 343 clusters was 5.59; for the disaggregated homicides, the means 

ranged from a low of .69 (expressive-stranger homicide) to a high of 3.57 (expressive homicide). 

Controls.  Our main interest lies in examining the local effect—especially the spatial and 

social proximity effects—of community-level resource deprivation.  To obtain unbiased 

estimates of these effects, we controlled for population characteristics known to be associated 

with homicide (Land et al., 1990).  We included the total resident population to take account of 

variations in the population at risk in each areal unit.  Rather than model the homicide rate (e.g., 

the number of homicides per 10,000 residents), we include the natural log of the population as a 

predictor.  To the extent that the parameter of the log population term is equal to 1, we 

essentially are modeling the log of the homicide rate because the Negative Binomial 

specification we use has a log link function.  Parameter values of less than 1, which we find in 

our analyses, indicate that per capita homicide rates are lower in neighborhoods with larger 

populations.  Young people, males especially, are disproportionately involved in violence, and so 

we included the percent of the resident population who were young men ages 15-25.  Residential 

stability has featured prominently in homicide research and tests of social disorganization theory.  

The measure used here was computed as the percent of owner-occupied housing units in which 

heads of household lived for at least five years.  Inspection of Table 1 indicates that, on average, 

7.8 percent of the resident population were young males and only 14 percent of homeowners 

resided in their homes for five years or more. 
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Because of the concern that homicide in spatially adjacent communities may be associated 

(Morenoff et al., 2001; Browning et al., 2004), we also included a spatial lag of homicide counts, 

and type-specific spatial lags in the disaggregated homicide models.  As noted by Anselin 

(2002), cross-sectional analyses cannot statistically identify substantive spatial diffusion 

processes from spatial error correlation processes (see also Baller et al., 2001; Anselin et al., 

2002).6  However, since our interest is in modeling and studying the effects of resource 

deprivation, we included the spatial lag of the homicide count primarily as a means of controlling 

for both spatial diffusion and autocorrelation.  Omission of the lag might otherwise have resulted 

in biased estimation of the resource deprivation terms, our central focus.7 

Spatial lags of any variable are constructed by multiplying the variable of interest with a 

spatial weight matrix.  In our analyses, we defined the spatial weight matrix as a row-

standardized version of a first-order spatial contiguity matrix using queen criteria, in which 

spatially adjacent communities in all directions are considered to be contiguous to a particular 

community.  The resulting contiguity matrix consists of a series of 0s and 1s that flag community 

spatial linkages.  All diagonal elements of this matrix are set to 0 (a community is never its own 

neighbor).  This matrix is then row-standardized by dividing each element by its corresponding 

row sum.  That way, the sum of all values in a particular row sum to 1.  They are thus referred to 

as weights.  Now, when one multiplies the homicide counts to this matrix, the resulting new 

variable can be viewed as consisting of the average homicide counts in all communities 

surrounding a particular community.  This variable is termed the spatial lag of homicide counts. 

Finally, homicides in communities can be relatively stable over time, and ignoring this 

stability can yield misleading inferences for two reasons.  First, there may be persisting 

heterogeneity among the neighborhoods for unmeasured reasons that can depress asymptotic 

standard errors on all parameters.  Second, the persisting heterogeneity may actually be 

correlated with one or more of the explanatory variables thereby biasing parameter estimates.  

For this reason, we include in all models a temporal lag of homicide counts as a control (see 

Sampson and Morenoff, 2004: 151).  The lag is computed as the count of homicides that 

occurred in Chicago’s 343 neighborhoods between 1986 and 1988.  We chose a three-year 
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window to comport with the three-year window (1989-1991) used for our dependent variables. 

Explanatory variables.  Consistent with past approaches (Land et al., 1990; Parker et al., 

1999; Kubrin and Herting, 2003), we created a resource deprivation index from several 

commonly used areal-level measures, including the percent of families with children headed by 

females only, percent of the resident population below the poverty level, the unemployment rate, 

median household income, and median family income.  The analysis revealed one underlying 

latent construct, using a retention criterion of a minimum eigenvalue of 1.0, with all five 

measures loading highly on the resulting index (eigenvalue = 4.15). 

The spatial proximity lag of resource deprivation, which we relied on to estimate the effect of 

resource deprivation in one area on those that are geographically adjacent, was created using the 

same procedure—and the same spatial weight matrix—that we employed in creating  the spatial 

lag of homicide.   The resulting resource deprivation spatial lag measures the average resource 

deprivation in all areas surrounding a particular community. 

Using a similar strategy, we constructed a social lag of the resource deprivation index, used 

here to estimate the effect of resource deprivation in one community on those that are socially 

similar.  The difference is that we used a social similarity rather than a spatial link matrix.  First, 

using factor analysis, we developed an index of social similarity based on the percent of the 

resident population identified as Black and the percent identified as Hispanic.  (We discuss the 

factor analysis and selection of these two measures further below.)  This is an absolute scale—

communities with higher scores on this measure tend to have higher percentages of Hispanics 

and those with lower scores tend to have higher percentages of Blacks; values in the middle (i.e., 

close to 0) indicate communities where the resident population is primarily White. 

We next computed the absolute differences of the scores between each of the 343 

communities in the sample.  This step resulted in a full (dense) 343 by 343 matrix of social 

distances on a relative scale (i.e., the differences are based on each possible community-to-

community comparison).  Next, we used a Gaussian kernel transformation to convert these 

values into weights that decay exponentially with social dissimilarity.8  This transformation was 

done by taking the exponent of the negative square of each of these social distance measures.  
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That is, we let sij = exp(- dij
2) where dij is the social distance between community i and 

community j and sij is the transformed measure.  The negative sign was used because we wanted 

communities that are socially dissimilar to receive less weight in the social lag computation.  Use 

of exponents ensures that the weights are all positive and less than 1. 

As with the spatial weight matrix, the social weight matrix had all its diagonal elements set to 

0 (i.e., sii = 0 for all i=1, . . . ,343 communities) and was then row-standardized.  This step 

yielded a weight matrix with properties similar to the spatial weight matrix, with the exception 

that it measures social similarity rather than geographic contiguity.  Multiplying the resource 

deprivation variable with this weight matrix yielded our resource deprivation social lag term, 

which measures the average resource deprivation of “socially similar” communities.  Socially 

similar communities are given relatively greater weight and socially dissimilar communities are 

given less weight in computing this average.9 

There are several other ways one could construct the social weight matrix (e.g., using cut-off 

methods to define contiguity or using N nearest neighbor techniques).  To assess the sensitivity 

of our results to alternative specifications, Appendix B provides results of homicide count 

analyses using five different approaches and describes how the weight matrices were created.  

Substantively, the results were largely similar, irrespective of which approach was used. 

Our measure of social similarity draws on a central dimension of community—namely, racial 

and ethnic composition—along which it seems reasonable to anticipate that the movement of 

residents and would-be offenders, or the individuals with whom they associate, would be guided 

or that would serve as the basis for “neighborhood coding” (Hope, 1995: 96).  The two measures 

(percent Black and percent Hispanic) were collapsed into the social similarity index using 

confirmatory factor analysis (eigenvalue = 1.53).  The two measures loaded sufficiently high on 

the resulting factor (e.g., each of the factor loadings were higher than .70), ensuring that these 

raw measures represent one underlying latent construct. 

Research has not directly examined the characteristics of communities traversed by social 

networks.10  Nonetheless, as discussed earlier, there are strong grounds for expecting that race 

and ethnicity constitute important, though certainly not exclusive, markers of social similarity.  
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For example, research on homophily establishes that race and ethnicity are among the primary 

determinants of social relations (McPherson et al., 2001) and studies point to the homologous 

nature of homicide—that is, the characteristics of offenders and victims tend to be similar and 

offenders and victims typically know one another (Reiss and Roth, 1993; Smith and Zahn, 1999). 

Finally, in addition to the above two lags, we created a resource deprivation spatial and social 

proximity interaction lag to examine whether the spatial proximity effect is greater among 

socially similar communities.  The term represents a weighted lag that takes into account both 

spatial contiguity and social similarity and is not simply the multiplication of the spatial and 

social proximity lags.  Rather, it was constructed by combining the two connectivity (or weight) 

matrices described above.  Instead of assigning equal weight to all spatially adjacent 

observations, as was done in creating the resource deprivation spatial lag term, we assigned 

declining weights based on the social distance between these spatially adjacent observational 

units.  This resulting product matrix was further row-standardized so that the final spatial-social 

lag term can still be interpreted as a weighted sum of spatially adjacent values.  Unlike the 

arithmetic mean, however, the weights are not uniform.  Specifically, greater weight is placed on 

spatially adjacent observations that are more socially similar than those that are less. 

The distinction between our interaction term and a traditional one is subtle yet important.  

Our fourth hypothesis anticipates that the effects of resource deprivation in spatially contiguous 

communities on local area violence will be higher when these communities are socially similar. 

To test this hypothesis, a non-uniform weighting scheme—one that emphasizes relative social 

proximity—is needed that can be applied to the communities adjacent to a given neighborhood.  

That is the approach we have taken.  By contrast, a traditional interaction term, which typically 

would be created by multiplying the social and spatial lag terms, would allow socially proximate 

communities not spatially adjacent to a given neighborhood to contribute to violence in that 

neighborhood.  This definition would not be consistent with the hypothesis we wish to test. 

 

FINDINGS 

Insert Table 2 near here 
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Consistent with past research, model 1 in Table 2 indicates that resource deprivation has a 

positive effect on local area homicide, net of other community conditions and controlling for 

prior levels of homicide and violence in neighboring areas through the use of homicide spatial 

and temporal lags, respectively.  (Appendix A provides all bivariate correlations for variables 

used in these analyses.)  Specifically, a one-standard deviation increase in resource deprivation 

results in a 60 percent increase in homicides.  Model 1 also confirms that greater percentages of 

young males in the residential population as well as the amount of violence in prior years and in 

spatially adjacent areas are associated with increased violence.  We also see that residential 

stability is not significantly associated with homicide.  Typically, we would expect that greater 

stability should reduce homicide; however, the literature actually reports mixed findings 

concerning residential stability and community-level violence, with some studies suggesting no 

effects and others suggesting positive or negative effects (see, e.g., Morenoff et al., 2001; 

Kubrin, 2003; Kubrin and Herting, 2003; Browning et al., 2004; Parker, 2004; Hannon, 2005).  

Finally, the deviance is roughly equal to the degrees of freedom (SAS, 1997: 284)—specifically, 

the ratio of the first to the second is 1.13—indicating that overdispersion has been adequately 

addressed.  The fact that the Negative Binomial (NB) dispersion parameter is significantly 

different from 1, suggests that the parameter, which allows for overdispersion, was needed. 

Moving to a test of our second hypothesis, model 2 reveals that resource deprivation has a 

non-trivial positive effect on homicides in geographically adjacent communities.  That is, there is 

a spatial proximity effect of deprivation.  In addition, the spatial lag of homicide is no longer 

statistically significant, suggesting that the spatial diffusion mechanism often found in the 

homicide literature could be an artifact of omitting the spatially lagged resource deprivation 

measure.  As with the first model, this one indicates that greater numbers of young men and prior 

levels of homicide are associated with an increased likelihood of local area violence. 

Turning to the third hypothesis, model 3 shows that resource deprivation has a positive effect 

on homicides in socially similar communities.  That is, there is a social proximity effect of 

deprivation, wherein communities with greater levels of deprivation are associated with a greater 

number of homicides in socially similar communities.  In addition, although the percentage of 
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young men continues to surface as an important predictor of homicide, the effect and statistical 

significance of both prior levels of homicide and the resource deprivation spatial lag diminish. 

Finally, model 4 indicates that spatial and social proximity effects of resource deprivation do 

not interact.  Specifically, resource deprivation does not appear to exert a differential effect on 

homicides in spatially contiguous communities that are more socially similar.  Geographic and 

social distance thus appear to matter in a purely additive manner.  Notably, the spatial lag effect 

of resource deprivation ceases to be statistically significant in this model. 

In short, the first two hypotheses were supported by the analyses, the third was partly 

supported (the spatial lag effect of resource deprivation was statistically significant in models 2 

and 3), and the fourth was not.  Before proceeding, two points bear emphasis.  First, collinearity 

among predictors can increase instability in parameter estimation, leading to a situation in which 

substantively significant effects may be found to be statistically insignificant.  It is possible that 

with larger samples, one would find statistical evidence of spatial diffusion processes associated 

with homicide (e.g., a statistically significant spatial lag of homicide), but that would not reverse 

the findings concerning the spatial and social lags of resource deprivation.  Second, an unusual 

strength of our hypothesis tests lies in the fact that we find support for our hypotheses while 

allowing for the spatial and temporal lags of violence to have unrestricted effects on the 

dependent variable.  Messner and Anselin (2004: 130) have noted that “any spatial clustering of 

similar values may be the result of a process of spill-over, contagion, or spatial externality, or 

instead, follow from structural differences due to an intervening (unobserved) variable specific to 

the location in question.”  Our model specification addresses this issue and thus enhances the 

credibility of the findings because the hypotheses are supported despite inclusion of the lags. 

 

Insert Table 3 near here 

Table 3 presents the full models that provide a test of our fifth hypothesis, predicting similar 

effects of resource deprivation across different types of homicide.  As the table indicates, the 

local effect of resource deprivation is consistently and positively associated with each type of 

homicide, although the magnitude of effect is smaller for instrumental homicides.  Contrary to 
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our expectations, however, the spatial and social proximity effects varied substantially.  In model 

1, there is evidence of neither spatial nor social proximity effects of resource deprivation on gang 

homicides.  By contrast, models 2 through 5 reveal the existence of a social lag effect of resource 

deprivation on local area instrumental, expressive, and non-stranger and stranger homicides, 

respectively.  In addition, model 2 includes evidence of a spatial-social (interactional) proximity 

effect, indicating that resource deprivation has a stronger positive effect on homicides in spatially 

contiguous communities that are more socially similar.  No direct effect of spatial proximity 

emerged as significant.  In short, the patterns in Table 3 indicate that, for non-gang homicides, a 

spill-over effect of resource deprivation arises along social dimensions (i.e., in “social space”), 

and that for instrumental homicide, greater levels of resource deprivation contribute to greater 

levels of homicide in spatially proximate communities that are more socially similar.  Again, 

however, we caution the reader that collinearity among the variables makes it difficult to 

statistically detect spatial lag and spatial-social lag effects. 

 

SUMMARY AND CONCLUSION 

This paper builds off the insights of prior work documenting the salience of resource 

deprivation to urban violence, the role of social networks in communities, how such networks 

may be geographically unbounded in metropolitan areas, and the potential for communities to 

influence one another.  In particular, our study examines whether resource deprivation 

contributes not only to local area violence, but also to violence in geographically contiguous 

communities and to non-contiguous but socially similar communities. 

Consistent with past research, we found that greater levels of community-level resource 

deprivation were associated with greater levels of homicide, net of other conditions typically 

associated with urban violence, including prior levels of violence (as measured by temporal lags 

of the dependent variable) and levels of violence in surrounding communities (as measured by 

spatial lags of the dependent variable).  This finding held true across all types of violence we 

examined.  Our primary focus, however, was on the spatial and social proximity effects of 

resource deprivation.  The hypotheses concerning these effects were largely supported:  greater 
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levels of resource deprivation were associated with greater amounts of homicide in spatially 

contiguous as well as non-contiguous but socially similar communities.  However, the evidence 

for a social proximity effect of resource deprivation was considerably stronger than that for a 

spatial proximity effect.  Analyses of disaggregated homicides yielded similar results:  although 

there was little to no evidence of a spatial proximity effect (in either the direct effect or 

interactional models), there was evidence of a social proximity effect.  Specifically, resource 

deprivation was positively associated with instrumental and expressive, but not gang-related, 

homicides in socially similar communities.  For instrumental homicides, the social similarity 

effect was more pronounced among spatially proximate communities. 

The analyses of disaggregated homicides suggest that resource deprivation may differentially 

influence specific types of homicide and, more generally, that social networks may constitute a 

critical pathway giving rise to community-to-community effects.  Deprivation, for example, does 

not appear to contribute to gang-related homicides in socially similar communities, which may 

be due to the fact that much gang-related violence involves conflicts between gangs of different 

racial or ethnic composition (Howell, 1998; Hughes and Short, 2005), thus vitiating the 

likelihood of a social similarity effect.  By contrast, social similarity appears to guide the 

occurrence of instrumental and expressive homicides.  The latter appear more likely to arise in 

the course of everyday interactions, and such interactions clearly are structured in no small part 

by race and ethnicity (McPherson et al., 2001).  For instrumental homicides, we can speculate 

that the salience of geography might be explained by the following logic—individuals intent on 

committing a crime may target socially similar areas because they fit in, on the one hand, and 

spatially proximate areas because of their accessibility, on the other hand. 

The study’s findings highlight the need to develop more nuanced conceptualizations and 

understandings of how resource deprivation, and other criminological and sociological measures 

of communities, affect urban violence and other social behavior.  Indeed, although the notion of 

resource deprivation is a powerful one, used in many studies, little attention has been given to 

how it affects behavior in both geographic and social space. 

A focus on spatial and social proximity effects opens the door to many important areas of 
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study that can build off of past work.  At a general level, researchers will want to identify the 

boundaries of spatial systems and how to take them into account to obtain unbiased estimates of 

spatial and social proximity effects.11  More substantively, they will want to investigate the 

pathways through which communities influence one another.  Social, economic, and cultural 

factors in one community have the potential to affect behaviors in other communities, as 

suggested by studies of how and why social phenomena spread (Burt, 1987; Marsden and 

Friedkin, 1993; Montgomery and Casterline, 1996).  To illustrate, Browning et al. (2004) 

recently found that social networks can both enhance collective efficacy and provide a source of 

social capital for offenders, suggesting that networks are central to community dynamics and 

crime and that network influences may well extend to where the networks exist (Putnam, 2000). 

Indeed, investigation of the role of social networks and ties merits particular attention.  

Recent theoretical advances could be greatly enriched by investigations of community-to-

community influences, including the conditions under which these influences occur and the 

social processes through which they arise (Morenoff et al., 2001).  It may be, for instance, that 

spatial and social proximity effects of resource deprivation operate differently in urban areas, as 

opposed to suburban or rural areas, which not only have smaller populations but are 

geographically and socially structured in fundamentally different ways.  The effect of social ties 

on violence within a given community and in communities that are spatially and socially 

proximate may be moderated by such conditions as poverty, collective efficacy, or the density 

and character of social ties.  And it is possible, too, that such effects might be more likely for 

specific types of violent offenses or that they are more pronounced for non-violent or 

instrumental crimes (Flewelling and Williams, 1999; Kubrin, 2003). 

Our study points to the continuing need for analysis of the “social-interactional and 

institutional dimensions that might explain how neighborhood effects are transmitted” (Sampson 

et al., 2002: 447).  For example, do social proximity effects arise from the movement and 

interaction of individuals between socially similar communities or from a general monitoring 

among residents of what transpires in other communities?  If interactions are central, do residents 

from resource-deprived areas “carry” the effects of deprivation to other areas or are residents of 
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other communities affected by the deprivation in the areas they visit?  And of central importance 

to understanding community-level dynamics, is the effect direct or indirect?  For example, do 

those who come from resource-deprived areas commit violence in the areas they visit (a direct 

effect) or do they influence others in the areas they visit to commit crime (an indirect effect)?  If 

the latter, what is the mechanism of influence?  Is it, for example, through a vicarious experience 

of social strain (Merton, 1938), acquisition of attitudes or beliefs conducive to violence (Corzine 

et al., 1999), or exposure to others who facilitate crime (Browning et al., 2004)? 

Other possibilities merit investigation.  Resource deprivation may contribute to violence in 

other areas through the movement of victims (Tita and Griffiths, 2005) or individuals involved in 

such criminal enterprises as drugs, prostitution, and gambling, who may commit, support, or 

indirectly contribute to violent crime.  Non-interactional mechanisms are also possible.  

Residents may have a general awareness about socially similar communities, learned through 

word of mouth, newspapers, or television.  To illustrate, as a result of reading local newspapers, 

residents may learn that the police appear to be unresponsive to crime in areas similar to their 

own, and in turn feel that they can more freely engage in crime without concern about sanctions. 

In addition, there are important questions concerning over-time dynamics.  Do changes over 

time in community conditions contribute to spatial and social proximity effects on violence and 

other indices of urban life (see, e.g., Kubrin and Herting, 2003)?12  And, if so, must critical 

thresholds be crossed for such effects to arise or to become substantial, or are there other non-

linear, contingent relationships that exist (Hannon, 2005)? 

Finally, the concept of social similarity bears closer scrutiny and investigation.  Some studies 

point to the notion that characteristics of communities and the residents in them may affect 

which other areas residents reference or visit (Wellman, 1999).  As we emphasize, a long-

standing body of work underscores the salience of race and ethnicity in structuring social 

relations, suggesting that these dimensions may be used by urban residents to “code” 

communities as being similar to their own.  At the same time, communities can be classified 

along many dimensions, and residents may, consciously or not, use such dimensions to decide 

where to go or to determine which communities they use as a point of comparison. 
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For policymakers, the study’s findings also may be of interest.  To illustrate:  recently, 

opposite trends in homicides were identified in Washington, D.C. and the surrounding 

metropolitan area, with homicides decreasing dramatically in D.C. and increasing outside of it 

(Wilber and Stockwell, 2005).  The increases were not only along areas spatially adjacent to 

D.C. but also in communities several miles, sometimes more than 10 miles, from the D.C. border 

(Stockwell, 2005).  The D.C. police attributed the decrease to stronger law enforcement efforts, 

including an emphasis on “making more arrests and seizing more guns, rigorously analyzing 

crime trends and joining other city agencies in focusing on 14 ‘hot spots’” (Wilber and 

Stockwell, 2005: A10).  Law enforcement agencies in one of the surrounding areas “said they 

saw no connection between trends in the two jurisdictions” even though “about 85 percent of the 

year’s slayings occurred in communities nearest the district line” (Wilber and Stockwell, 2005: 

A11).  One plausible explanation, however, is that spatial and social similarity effects were at 

play, suggesting in turn the need to develop policies that take such effects into account. 

In recent years, large investments have been made in policy initiatives that focus on crime 

“hot spots”—typically areas of concentrated disadvantage—on the assumption that doing so will 

yield the “biggest bang for the buck.”  The findings here suggest that such approaches hold more 

promise than may otherwise have been recognized.  The influence of an initiative aimed at 

reducing community disadvantage might, for example, have positive ripple effects that extend to 

other communities in geographic and social space, especially in so far as social networks and ties 

are not constrained by neighborhood boundaries.  Indeed, as Hannon (2005) has observed, even 

modest reductions in deprivation might produce substantial improvements in violent crime, and 

if those improvements extend to spatially and socially proximate areas, the improvements may 

be even greater (Eck, 2002: 282).  At the same time, the failure to address disadvantage could as 

easily lead to negative ripple effects, creating greater violence not only in the communities where 

the disadvantage exists but also in other spatially and socially proximate areas. 

Although crime prevention efforts can be informed by spatial analysis (see, e.g., Weisburd 

and McEwen, 1998; Eck, 2002)—studies of displacement effects associated with such efforts 

being the most notable (e.g., Gabor, 1981; Bowers and Johnson, 2003)—there is a greater need 
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to couple such analysis with theoretically informed assessments about ripple effects that may 

occur along geographic and social dimensions.  The issue has implications for practice.  For 

example, hot spots efforts have focused on areas where crime clusters, the idea being that law 

enforcement can be more effective if it targets high-crime areas.  However, to the extent that 

metropolitan communities are interconnected and affect one another, it should be evident that 

interventions that focus on one or two areas may achieve little aggregate (e.g., city-level) effect.  

Indeed, one implication of our analyses is that efforts to address crime may require implementing 

crime prevention efforts throughout all areas that share criminogenic characteristics, not just 

those that are geographically proximate.  Such a focus would be especially important if 

displacement occurs in social space—that is, if efforts to reduce violence in one “hot spot” 

simply push it over to other, non-adjacent areas, especially in the absence of a city-level 

approach to reducing violence.  The possibility is intriguing because of studies that suggest that 

“hot spots” sometimes reside next to “cold spots” (e.g., Allston et al., 2000) and, even more 

intriguing, that interventions targeting “hot spots” either have limited geographic displacement or 

may result in a diffusion of benefits rather than of violence (Clarke and Weisburd, 1994). 

Building off of Hope’s (1995) insights, Morenoff et al. (2001: 552) recently emphasized 

“that many intervention efforts have failed because they did not adequately address the pressures 

toward crime in the community that derive from forces external to the community in the wider 

social structure.”  Our study reinforces the importance of this assessment.  It suggests that 

researchers would do well to revisit community crime prevention programs, with attention not 

only to the dynamics internal to communities (Hope, 1995) but also to between-community 

dynamics and how these may enhance identified positive or negative aggregate-level effects. 

Communities have long been held to be complex sites of social interaction.  Yet, studies 

frequently treat them as if they are islands rather than as integral parts of a larger community, 

whether that be a city, region, country, or, in Donne’s words, “a piece of the continent, a part of 

the main.”  Fortunately, the theoretical and methodological tools increasingly exist to identify 

how communities affect one another through specific structures, conditions, and processes.  The 

next step is to create better mappings of these effects across geographic and social space. 
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ENDNOTES 
 

1 Although some homicides may occur with little planning or thought (Miethe et al., 2005), 

networks may provide the contexts in which homicides arise (Morenoff et al., 2001: 522-523). 

2 The Poisson model has a restrictive distributional feature termed equidispersion—the mean 

and variance of the distribution are the same.  When the variance exceeds the mean, the model 

yields accurate parameter estimates but downwards-biased standard errors, resulting in overly 

confident inferences about the parameters.  The Negative Binomial distribution allows for 

overdispersion—specifically, the variance of the distribution is a multiple of its mean.  (The 

Negative Binomial model can be specified as a Poisson model by setting the multiple to 1.) 

3 The spatial lags of homicide are potentially endogenous regressors.  To draw inferences 

about lag effects, their simultaneity with the dependent variable would need to be resolved, 

typically through a complex non-linear-in-parameters reduced form specification termed the 

Simultaneous Autoregressive (SAR) model.  Alternatively, a two-stage instrumental variable-

based estimation technique would be needed.  However, to the extent that the lags are included 

merely as controls, simple Conditional Autoregressive (CAR) specifications, which we employ 

here, should be sufficient since they account for all the excess variation (see Anselin, 2003a). 

4 For this purpose, analyses of cross-sectional data should be adequate.  We do not and, with 

a single cross-section of data, cannot test hypotheses about spatial or spatio-temporal diffusion.  

Nor do we test our models as competitors to traditional spatial autocorrelation or diffusion 

models.  Doing so would require more elaborate models and use of spatio-temporal panel data. 

5 Although the concepts of “neighborhood” and “community” are used variably in research, 

scholars typically define neighborhoods as smaller ecological units that cluster in meaningful 

ways and exist in and interact with larger units (Sampson et al., 2002: 445). 

6 They also cannot definitively assess causal links between community conditions and 

violence, but they can be used to test theoretical hypotheses that entail a precise causal logic. 

7 We computed univariate spatial autocorrelation statistics on our dependent variables to 

assess spatial clustering; all were significantly clustered based on standard global Moran’s I 
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statistics.  Using permutation methods available in GeoDa software (Anselin, 2003a) to compute 

the reference distributions for our dependent measures yielded p-values of between .001 (for 999 

permutations) and .01 (for 99 permutations).  Global Moran’s I statistics were as follows:  all 

homicides (.50), gang-related (.22), instrumental (.34), all expressive (.44), non-stranger 

expressive (.43), and stranger expressive (.22).  Given the skew of the raw counts, we re-

computed the statistics using standard rate transformed variables based on the Empirical Bayes 

principle.  These, too, yielded significant global Moran’s I statistics; and the substantive values 

of the correlation among these transformed variables were larger than among the raw counts. 

8 Several methods exist for computing the social lag variable that rely on some form of kernel 

smoothing (Hardle, 1990).  We used the Gaussian kernel method because of its simplicity and 

popularity.  Also, compared with alternative methods we tried (Appendix B), it produces a social 

lag term that is the least correlated with the raw resource deprivation measure and the spatial lag 

of deprivation.  As such, we believe it yields a cleaner social proximity effect of deprivation, 

reflected in a coefficient for the term that is larger than those from the other methods. 

9 Constructing weights based on measures other than Euclidian distance or geographic 

contiguity has found application in other areas of research (e.g., Conley, 1999; Beck et al., 2006). 

10 In addition to a review, we consulted with prominent demographers, stratification 

specialists, and community researchers.  Their assessments echoed those of our review—namely, 

research of tangential relevance exists (e.g., studies of factors that affect the choice of residential 

locations), but little that bears directly on between-community social networks and processes. 

11 Spatial analyses ideally should address the fact that a contiguity matrix based on a finite 

sample of areal units will involve missing observations (i.e., those areas on the boundary of a 

sample but excluded from it).  One solution is to drop the outer-most ring of observations from 

the dependent variable but include these data in computing the spatial lag term.  In our sample, 

this would reduce the number of observations dramatically (roughly 65 of the 343 neighborhoods 

would need to be dropped).  A similar problem arises with the social lag variable, but eliminating 

the outer-most ring of observations makes little sense because the social distances are computed 
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relatively based on the sample at hand; also, the concept of an outer-most ring is not meaningful.  

Any correction to this problem should be driven by theoretical considerations and knowledge of 

the social structures between the neighborhoods included in the sample and those in surrounding 

regions.  However, given that cities themselves form fairly cohesive social units, it seems 

unlikely that any bias, if it exists, would be of a substantial magnitude.  Here, to the extent that 

socially connected communities in Chicago suburbs are excluded from our analyses, estimates of 

the social and socio-spatial proximity effects likely are conservative (i.e., biased towards zero). 

12 An important question for future research is whether the diffusion effects typically found 

in the literature could be explained by spatial and social proximity effects of resource deprivation 

or other such factors.  For example, would the findings of spatial autocorrelation or diffusion 

vanish or become stronger if spill-over effects of spatial or social similarity were permitted along 

such dimensions as deprivation?  Or, given that spatially similar communities typically are also 

socially similar, is the spatial diffusion of violence really social similarity diffusion?  Testing 

these competing claims would not be trivial; it would place more demands on the data and result 

in non-nested models.  Some variant of a J-test (Davidson and MacKinnon, 1982) would be 

needed in the context of the Negative Binomial or Poisson model used here.  It bears emphasis 

that our primary motivation for including the spatial and temporal lags of the dependent variables 

was to control for the distorting effects that spatial diffusion, spatial autocorrelation, and 

temporal autocorrelation may have on our hypotheses of interest—namely, the direct and indirect 

influences of resource deprivation on violence.  These hypotheses are testable by examining 

specific parameters of our models using standard Wald Chi-square tests. 
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TABLE 1.  Variable Names, Descriptions, and Descriptive Statistics 
 

 

Variables Variable Descriptions Mean S.D. 

 

 

Dependent Variables    

Homicide Total homicide count 5.59 6.05 

Homicide-gang Gang-related homicide count .90 1.63 

Homicide-instrumental Instrumental homicide count 1.21 1.73 

Homicide-expressive Expressive homicide count 3.57 4.43 

Homicide-expressive (NS) Expressive homicide count (non-stranger) 2.88 3.60 

Homicide-expressive (S) Expressive homicide count (stranger) .69 1.18 

    

Control Variables    

Log res. pop. Log residential population 8.94 .37 

Pct. young men (x 10) Pct. res. pop. ages 15-25 and male (x 10) .78 .20 

Residential stability (x 10) Pct. homeowners in residence 5+ years (x 10) 1.41 .43 

Homicide count spatial lags Homicide count spatial lags by homicide type   

Homicide spatial lag  5.67 4.42 

Homicide-gang spatial lag  .88 .87 

Homicide-instrum. spatial lag  1.24 1.11 

Homicide-exp. spatial lag  3.59 3.14 

Homicide-exp. (NS) spatial lag  2.91 2.51 

Homicide-exp. (S) spatial lag  .69 .72 

Homicide count temporal lags Homicide count temporal lags by homicide type   

Homicide temporal lag  6.11 6.82 

Homicide-gang temporal lag  .54 1.20 

Homicide-instrum. temporal lag  .88 1.34 

Homicide-exp. temporal lag  3.35 4.04 

Homicide-exp. (NS) temporal lag  2.62 3.29 

Homicide-exp. (S) temporal lag  .72 1.19 

    

Key Predictor Variables    

Resource deprivation Resource deprivation index .00 1.00 

Res. dep. spatial lag Res. deprivation spatial proximity lag -.00 .80 

Res. dep. social lag Res. deprivation social proximity lag -.04 .47 

Res. dep. spatial & social lag Res. deprivation spatial and social proximity lag -.01 .84 

 

(N = 343) 

 



 

TABLE 2.  Negative Binomial Regressions of Homicide Counts in Chicago Communities 
 

 

 Model 1 Model 2 Model 3 Model 4 

 

 

Log res. pop. .843 *** .857 *** .871 *** .870 *** 

 (.112) (.111) (.107) (.107)  

Pct. young men (x 10) .434 * .438 * .527 ** .530 ** 

 (.173) (.171) (.166) (.166)  

Residential stability (x 10) .048  .037  .100  .100  

 (.078) (.078) (.076) (.076)  

Homicide spatial lag .050 *** .023  .016  .016  

 (.010) (.016) (.015) (.015)  

Homicide temporal lag .013 * .014 * .011 † .011 † 

 (.007) (.007) (.006) (.006) 

Resource deprivation .596 *** .540 *** .461 *** .454 *** 

 (.064) (.067) (.066) (.070)  

  Res. dep. spatial lag   .234 * .188 † .152  

   (.101) (.097) (.154)  

  Res. dep. social lag     .431 *** .423 *** 

     (.094) (.097)  

  Res. dep. spatial & social lag       .044  

       (.146)  

Intercept -6.960 *** -6.931 *** -7.147 *** -7.147 *** 

 (1.009) (.996) (.966) (.966)  

 

NB dispersion .133  .125  .105  .105  

 (.027) (.026) (.024) (.024)  

         

Log likelihood 2,108.82  2,111.49  2,121.70  2,121.75  

 

Deviance / df 1.13  1.14  1.14  1.14 

 

(N = 343) 

 

 

Note:  Standard errors are in parentheses.  Unstandardized parameter estimates are presented. 

† p < .10 * p < .05 ** p < .01 *** p < .001 (two-tailed tests) 

 



 

TABLE 3.  Negative Binomial Regressions of Disaggregated Homicide Counts in Chicago 

Communities 
 

 

 Model 1 Model 2 Model 3 Model 4 Model 5 

 (Gang) (Instrumental) (Expressive) (Express-NS) (Express-S) 

 

 

Log res. pop. .801 *** .690 *** .868 *** .996 *** .660 ** 

 (.240) (.172) (.122) (.130) (.219) 

Pct. young men 1.551 ** .750 ** .386 † .386 † .257  

 (.485) (.290) (.201) (.215) (.387) 

Residential stability .146  -.120  .052  .016  .105  

 (.201) (.136) (.091) (.098) (.168) 

Homicide spatial laga .293 ** .161 * .018  .025  -.234  

 (.106)  (.070) (.023) (.030) (.150) 

Homicide temporal laga .205 ** .115 ** .039 *** .035 * .098 * 

 (.070) (.041) (.012) (.015) (.049) 

Resource deprivation .479 ** .219 * .424 *** .472 *** .413 ** 

 (.174) (.107) (.081) (.088) (.132) 

  Res. dep. spatial lag .541  -.298  .064  .091  .268  

 (.349) (.256) (.188) (.199) (.320) 

  Res. dep. social lag .024  .527 ** .569 *** .606 *** .602 * 

 (.261) (.179) (.120) (.129) (.235) 

  Res. dep. spatial & social lag -.402  .520 * .121  .053  .234  

 (.396) (.262) (.177) (.189) (.318) 

Intercept -9.536 *** -7.083 *** -7.502 *** -8.768 *** -6.987 *** 

 (2.235) (1.576) (1.115) (1.188) (2.025) 

         

NB dispersion .687  .097  .123  .121  .123  

 (.160) (.063) (.035) (.040) (.117) 

         

Log likelihood -181.92  -158.33  898.37  508.38  -210.61 

 

Deviance / df .85  1.05  1.17  1.14  .91 

 

(N = 343) 

 

 

Note:  Standard errors are in parentheses.  Unstandardized parameter estimates are presented. 

† p < .10 * p < .05 ** p < .01 *** p < .001 (two-tailed tests) 

 

a. Spatial and temporal lags specific to each type of homicide are presented (e.g., lags of gang homicides 

are presented in model 1, lags of instrumental homicides are presented in model 2, and so on). 

 



 

APPENDIX A:  Bivariate Correlations among Variables in the Analyses 
 

 

 1 2 3 4 5 6 7 8 9 10 11 12 13 

 

 

1. Homicide 1.00             

2. Homicide-gang 0.52 1.00            

3. Homicide-instrumental 0.74 0.16 1.00           

4. Homicide-expressive 0.87 0.29 0.64 1.00          

5. Homicide-expressive (NS) 0.84 0.29 0.66 0.98 1.00         

6. Homicide-expressive (S) 0.71 0.22 0.40 0.77 0.61 1.00        

7. Log res. pop. 0.13 0.07 0.08 0.13 0.14 0.05 1.00       

8. Pct. young men (x 10) 0.16 0.30 0.14 0.10 0.11 0.06 -0.14 1.00      

9. Residential stability (x 10) 0.30 0.23 0.15 0.25 0.23 0.23 -0.15 0.11 1.00     

10. Resource deprivation 0.73 0.34 0.55 0.70 0.68 0.53 -0.28 0.27 0.40 1.00    

11. Res. dep. spatial lag 0.66 0.34 0.52 0.61 0.60 0.47 -0.25 0.28 0.37 0.81 1.00   

12. Res. dep. social lag 0.59 0.18 0.50 0.59 0.58 0.43 -0.15 0.15 0.19 0.66 0.63 1.00  

13. Res. dep. spatial & social lag 0.71 0.31 0.58 0.67 0.65 0.52 -0.24 0.25 0.36 0.86 0.70 0.96 1.00 

14. Homicide temporal lag 0.79 0.30 0.58 0.78 0.76 0.59 0.16 0.16 0.26 0.69 0.56 0.59 0.63 

15. Homicide-gang temporal lag 0.27 0.37 0.00 0.15 0.12 0.20 0.06 0.19 0.17 0.28 0.09 0.18 0.16 

16. Homicide-instrum. temporal lag 0.64 0.16 0.58 0.62 0.59 0.53 0.13 0.07 0.20 0.53 0.44 0.49 0.54 

17. Homicide-exp. temporal lag 0.73 0.25 0.56 0.76 0.76 0.54 0.14 0.12 0.21 0.65 0.57 0.55 0.58 

18. Homicide-exp. (NS) temporal lag 0.72 0.22 0.57 0.73 0.73 0.52 0.13 0.10 0.22 0.66 0.56 0.54 0.58 

19. Homicide-exp. (S) temporal lag 0.50 0.23 0.33 0.56 0.55 0.41 0.13 0.11 0.12 0.39 0.37 0.36 0.38 

20. Homicide spatial lag 0.68 0.33 0.56 0.64 0.63 0.48 -0.16 0.26 0.33 0.74 0.63 0.89 0.86 

21. Homicide-gang spatial lag 0.45 0.42 0.37 0.36 0.34 0.33 -0.12 0.45 0.28 0.49 0.30 0.60 0.57 

22. Homicide-instrum. spatial lag 0.63 0.30 0.52 0.59 0.58 0.45 -0.12 0.21 0.28 0.65 0.59 0.79 0.78 

23. Homicide-exp. spatial lag 0.65 0.27 0.53 0.62 0.62 0.45 -0.15 0.18 0.30 0.71 0.65 0.85 0.83 

24. Homicide-exp. (NS) spatial lag 0.65 0.26 0.53 0.62 0.61 0.46 -0.14 0.17 0.30 0.70 0.65 0.84 0.82 

25. Homicide-exp. (S) spatial lag 0.60 0.28 0.49 0.55 0.55 0.36 -0.18 0.19 0.25 0.68 0.57 0.78 0.75 

 

 



 

APPENDIX A:  Bivariate Correlations among Variables in the Analyses (Cont’d) 
 

 

 14 15 16 17 18 19 20 21 22 23 24 25  

 

 

1. Homicide              

2. Homicide-gang              

3. Homicide-instrumental              

4. Homicide-expressive              

5. Homicide-expressive (NS)              

6. Homicide-expressive (S)              

7. Log res. pop.              

8. Pct. young men (x 10)              

9. Residential stability (x 10)              

10. Resource deprivation              

11. Res. dep. spatial lag              

12. Res. dep. social lag              

13. Res. dep. spatial & social lag              

14. Homicide temporal lag 1.00             

15. Homicide-gang temporal lag 0.39 1.00            

16. Homicide-instrum. temporal lag 0.72 0.09 1.00           

17. Homicide-exp. temporal lag 0.94 0.24 0.60 1.00          

18. Homicide-exp. (NS) temporal lag 0.92 0.23 0.59 0.97 1.00         

19. Homicide-exp. (S) temporal lag 0.65 0.16 0.40 0.72 0.52 1.00        

20. Homicide spatial lag 0.61 0.13 0.50 0.58 0.58 0.36 1.00       

21. Homicide-gang spatial lag 0.33 0.27 0.25 0.27 0.25 0.20 0.64 1.00      

22. Homicide-instrum. spatial lag 0.56 0.06 0.44 0.55 0.55 0.33 0.90 0.48 1.00     

23. Homicide-exp. spatial lag 0.62 0.09 0.51 0.59 0.59 0.38 0.95 0.47 0.83 1.00    

24. Homicide-exp. (NS) spatial lag 0.62 0.07 0.51 0.59 0.59 0.37 0.93 0.46 0.84 0.99 1.00   

25. Homicide-exp. (S) spatial lag 0.55 0.14 0.44 0.51 0.50 0.34 0.86 0.44 0.71 0.90 0.84 1.00  

 

(N = 343) 

 

 



 

APPENDIX B:  Negative Binomial Regressions of Homicide Counts in Chicago 

Communities, Using Different Social Similarity Weight Matrices 
 

 

 Model 1 Model 2 Model 3 Model 4 Model 5 

 (.075 (.100 (Inverse of (10 Nearest (20 Nearest 

 Cut-Off) Cut-Off) Full Matrix) Neighbors) Neighbors) 

 

 

Log res. pop. .859 *** .852 *** .864 *** .864 *** .856 *** 

 (.105) (.105) (.108) (.107) (.107) 

Pct. young men .455 ** .443 ** .472 ** .408 * .388 * 

 (.162) (.163) (.168) (.166) (.165) 

Residential stability .124 † .124 † .108  .124  .131 † 

 (.075) (.075) (.078) (.077) (.076) 

Homicide spatial lag .028 † .029 * .022  .027 † .027 † 

 (.015)  (.015) (.015) (.015) (.015) 

Homicide temporal lag .012 † .011 † .012 † .013 * .013 * 

 (.006) (.006) (.006) (.006) (.006) 

Resource deprivation .396 *** .403 *** .436 *** .387 *** .396 *** 

 (.070) (.070) (.073) (.074) (.072) 

  Res. dep. spatial lag .053  .052  .089  .056  .044  

 (.150) (.150) (.155) (.154) (.152) 

  Res. dep. social lag .365 *** .372 *** .241 *** .303 *** .333 *** 

 (.068) (.069) (.063) (.068) (.068) 

  Res. dep. spatial & social lag .077  .067  .109  .107  .099  

 (.140) (.140) (.145) (.143) (.142) 

Intercept -7.117 *** -7.051 *** -7.118 *** -7.124 *** -7.048 *** 

 (.948) (.949) (.979) (.969) (.961) 

         

NB dispersion .094  .095  .112  .106  .102  

 (.023) (.023) (.025) (.024) (.024) 

         

Log likelihood 2,126.45  2,126.61  2,119.87  2,122.16  2,124.19 

 

Deviance / df 1.14  1.14  1.13  1.13  1.13 

 

(N = 343) 

 

 

Note:  Standard errors are in parentheses.  Unstandardized parameter estimates are presented. 

† p < .10 * p < .05 ** p < .01 *** p < .001 (two-tailed tests) 

 



 

To demonstrate that our analysis is fairly robust to the definition of the weight matrix, this 

appendix presents results of the final model in Table 2 using five alternative specifications of the 

social weight matrix.  For each alternative, we defined the social link matrix differently and then 

row-standardized to ensure that the resulting weight matrix had the desired property of rows 

summing to 1.  That way, the social lag of resource deprivation can still be considered a 

weighted average of deprivation in socially similar communities.  The only difference among the 

approaches is the amount of weight assigned to each of the communities.  To compute the weight 

matrix for the interaction between social and spatial distance, we used the Gaussian kernel-based 

approach as described in the text. 

The cut-off method:  A simple method of computing social similarity is to compute a social 

contiguity matrix in a manner similar to computation of the spatial continuity matrix, and then to 

construct weights using the latter matrix.  That is, we can define all communities that have a 

social distance smaller than some cut-off value as being socially contiguous.  Models 1 and 2 

follow this approach.  For Model 1, we used a cut-off value of .075 and for Model 2 we used 

.100.  The cut-off point of .075 was chosen because it yielded an average of 15 proximate 

communities.  Moreover, the distribution of number of proximate communities was symmetric 

about 15 with a minimum of 1 and a maximum of 27. 

Inverse distance method:  In this paper, we used the Gaussian kernel to define the weights.  

Since the absolute differences between the social similarity factor score are used to construct 

these weights, one can also directly invert the absolute difference to give decaying weights to 

socially dissimilar communities.  Model 3 uses this approach to create the social weight matrix. 

The nearest neighbor method:  The cut-off method, although simple to use, may be criticized 

for being arbitrary.  Although varying the cut-off point can be used as a way to assess the 

sensitivity of the approach, doing so essentially increases or decreases the connectivity in the 

matrix (i.e., the denseness or sparseness of the weight matrix).  An alternative approach—the 

nearest neighbor method—is to directly control the sparseness of the weight matrix.  Rather than 

use the social distance to define a cut-off point, one defines the number of neighbors to be 

included.  Models 4 and 5 use this approach.  Here too, the choice of the number of neighbors to 



 

include is subjective.  In Model 4, we used the 10 nearest neighbors and assign them equal 

weight (1) and in Model 5 we used the nearest 20 neighbors.  As stated above, these matrices are 

further row-standardized to obtain the weights. 

All approaches yielded the same qualitative findings on our substantive variables of interest, 

although there are some quantitative differences in parameter estimates.  Specifically, the 

estimates of the social lag of resource deprivation are lower in size than the corresponding 

parameters from Table 2 and the statistical significance of some of the controls varies. 


