Spatial (Dis)Advantage and Homicide
in Chicago Neighborhoods

Robert . Sampson
Jeffrey D. Morenoff

F or seme ime now, research in the ecological tradition has demonstrated
the concentration ol interpersonal violence in certain neighborhoods, es-
pectally those areas characterized by poverty. the vacial segregation of winority groups,
and single-parent families. Stil, fundamental questions remain about what 1t s about
these communities that might explain (he link between structural features of neighbor-
hood environments and rates of violent erime. The traditional or perhaps idyliic notion
of local commuanttics as “urban villages™ characterized by dense networks of personal
social ties continues to pervade many theoretical perspectives on neighborhood erime.
Yet such ideal typical neighborhoods bear littke resemblance (0 contemporary cities,
where weak ties prevail over strong ties and social interaction among residents s char-
acterized by imcreasing imstrumentality. The urban village model 1s also premised on
the notion that networks ot personal ties and associations map neatly onto the geo-
graphic boundaries of spatially delined neighborhoods, such that neighborhoods can
be analy zed as independent social entities. Modern neighborhoods are often less dis-
tnetly defined. with permeable borders. Social networks in this setting are Likely o
traverse traditional ecological boundaries, implying a spatial interdependence among
social processes.

This chapter builds on recent eriminological rescarch 10 integrate key dimensions
oi neighborhood-level structure, social processes. and spatial embeddedness 1o address
the gquestion ol crine’s ceological concentration. In particular, we examing the extra-
local processes related to the spatial dynamics ol violent crime, along with more local
nstitutional processes related 1o voluntary associations and neighborhood organiza-
nons. We interpret these dimensions of the urban landscape with a theoretical (rame-
work highlighting the role of social control and cohesion—or what we have wermed
collective efficacy—and neighborhood structural inequality. Our focus on inequality
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centers on the extreme concentratton of socioeconomic resources al both the upper
and lower tls of the distribution and on spatial inequality in social processes.

Spatial Dynamics

Contrary to the commaon assumption in ecological eriminology of analytic indepen-
dence, we argue that neighborhoods are interdependent and characterized by a fune-
uanal relationship between what happens at one pointia space and whal happens else-
where, Spatial interdependence is theoretically motivated on three grounds. First, we
expectit W arise as a resull ol the mmexact correspondence between the neighborhood
houndaries imposed by census geography and the ecological properties that shape so-
cial interaction. One of the biggest eriticisms of neighborhood-level research to date
concerns the artiliciality of boundarics: for example, two families living across the
street from one another may be arbitranily assigned to live in difterent “neighborhoods™
even though they share social ties. From the standpoint of systemic theory, 1t 1s impor-
tant 1o account for the soctal and tnstlutional tes that link residents of urban communi-
ties to other neighborhoods, particularly those that are more spatially proximate wo their
own neighborhood, Spatial models address this problem by recognizing the inerwo-
ven dependence among (artficial) neighborhood umits. The idea ol spatial dependence
thus challenges the urban village model, which implicitly assumes that geographically
delined neighborhoods represent intact social systems that Tunction as islands unto
themselves, tsolated [rom the wider sociodeomographic dynamics of the eity.

Second, spatial dependence 1s impheated by the fact that honiicide oftenders are
disproportionately involved in acts of violence near their homes (Block 1977; Reiss
and Roth 1993). Front a rouline activities perspective, it follows that a neighborhood’s
“exposure” 1o homicide risk is heightened by geographical proximity to places where
known offenders live (see aiso Cohen et al. 1981} Morcover, to the extent that the
risk of becoming a honicide oftender is influenced by contextual Lactors such as con-
centrated poverty, concentrated allluence, and collective efficacy, spatial proximity o
such conditions is also bkely to infuence the risk of homicide victuimization 1o a focal
neighborhood.

A third motivation lor studying sputial dependence relates w the notian that inler-
personal crtmes such as homicide are based on social interaction and thus. subject to
diffusion processes (Cohen and Tita 1999; Messner et al. 1999: Morenofl and Sampson
1997 Rosenteld et al. 1999: Smith et al. 2000). Acts of violence may themselves in-
stigane a sequence of events that leads (o further violence in o spatially channeled way,
For example. many homicides, not just gang-related, are retaliatory in nature (Black
1983: Block 1977). Thus, & homicide in one neighborhood may provide the spark that
eventually leads w a retaliatory killing in a nearby neighborhood. Tn addition. most
homicides occur among persons known 1o one another (Reiss and Roth 1993), usually
involving networks of association that follow geographical vectlors,

There 15, then, reason o believe that spatial dependence arises from processes
related (o both ditfusion and cxposure, such that the characteristics of surrounding
neighborhoods are. at teast in theory. crucial 1o understanding violence in any given
neighborhood. The diftusion perspective Tocuses on the consequences of crime itsell as
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they are played out over lime and space—<crime n one neighborhood may be the cause
of luture crimie n another neighborhood. The concept of exposure focuses on the an-
tecedent conditions that foster erime, which are also spatially and temporalty ordered.
Although hoth concepls provide strong justification for analy zing spatial dependence,
criminological research has been surprisingly slow 1o adapt tools of spatial analysis,
especially inoa regression framework that accounts for a competing explanation of
clustering—selection effects based on population composition (see aiso Rosenfeld et
al. 1999 Smith et al. 20000, In tus chapler, we therelore Tocus on the independent
effect ol spatial proximity on the likelihood of homicide, accounting for key structural
and social characteristics of life within the boundaries of focal neighborhoods,

Informal and Institutional Processes

Our second major goal is (o infegrate the study ol neighborhood mechanisms with
regard to informal and institwtional social processes. Neighborhood-level social pro-
cesses are nol easy to study, of course, because the socio-demographic characterisiics
drawn from censos data and other government siatistics iypically do oot provide in-
formation on the collectve properties of administrative units. (4 those studies that
have Tocused on social progesses, most have focused an sociat tics and interaction Lo
the exclusion of organizations {sce Peterson et al. 2000), For example. Sampson ¢t
al’s (1997) test ol collectuve efficacy mghlighted cohesion and mutual expectations
among residents Tor control. But as alloded to earlier, communities can exhibit intense
private ties {c.g., among (riends, kin), and perhaps even shared expectations for con-
trot, vet still lack the institutional capacity 10 achieve social control. The institutional
component ol soctal capital is the resource stock of neighborhood organizations and
their linkages with other organizations. Bursik and Grasmick (1993a} also highlight the
importance of public control, defined as the capacity of community organizations to
oblain extra-local resources (¢.g.. pohice protection, block grants, health services) that
help sustain neighborhood stability and control. It may be that high levels of collectve
ellicacy come about because of such controls, such as a strong institutional presence
and intensity ol voluntary associations. Or it may be that the presence of institutions
direetly accounts for lower rates of erime. Relatively few studies have exanmined volun-
lary associalions, and almost nonie a community’s organizational base (for a review sce
Sampson ¢t al, 2002). In addition to incorporating the systemic dimensions of collee-
live clficacy and social ties, we therefore address this gap by simultancously examining
institutional density and the intensity of local votuntary associations.

In short, this chapter presents a substantive and methodological framework lor
studying the spatial dynamics of vielence in neighborhood contexts. Criminal events
require the intersection in time and space of three clements—motivated ollenders,
suitable targets, and the absence of capable puardians (Cohen and Felson 1979). As
such, crime can be ecologically concentrated because of the presence ol targets and/or
the absence of guardianship {(e.g.. collective elficacy), even if the pool of motivated
offenders is more evenly distributed across the city. We are thus interested in how
neighborheods fare as units of puardianship and collective elficacy; the outcome 1s the
ratc of homicide and robhery victimzation. Applying this framework, we highlight
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two neglecied dimensions of neighborhood context: (1) spatial dynamics arising from
neighborhooed interdependence. and (2) social-institutional processes.

Data Sources

The data on neighborhood soctal processes stem [rom the Community Survey of the
Project on Human Development in Chicago Neighborhoods (PHDON), The extensive
soctial-class, racial, and cthnie diversity ol the population was a major reason Chicago
wits selecled lor the study. Chicago’s 863 census tracts were combined 1o create 343
“Neighborhood Clusters™ (NCs) composed ot geographically contiguous and socially
siintlar census lracts. NCs are sialier than Chicago’s 77 commumly areas (average
size = L0000 but large enough to approximate tocal neighborhoods, averaging around
E.000 people. Major geographic boundaries {e.g., railroad tracks, parks, freeways),
knowledge of Chicago's local neighborhoods. and cluster analyses ol census data were
used o guide the construction of relatively homogeneous NCs with respect to distri-
butions ol racial-ethnic mix, socio-economic status (SES). housing density. and family
structure. The Community Survey (U8 of the PHIDCN was conducted in 1995, when
8.782 Chicago residents representing all 343 NCs were personally interviewed in their
homes.! The basic design lor the CS had three stages: m stage |, city blocks were
suinpled within cach NC. at siage 2. dwelling units were sampled within blocks, and
at stage 3, one adult resident {18 or older) was sampled within cach sclected dwelling
umit. Abt Associates carried out the sereening and data collection 1n cooperation with
PHDCN, achieving an overall response rate of 75 percent,

To assess collective eflicacy we replicated Sampson et al. (1997) and combined
two related scales. The first s a live-itlem Likert-type scale of shared expectations for
social control, Residents were asked about the Likelihood that their neighbors could
be counted on o take action 1t children were skipping school and hanging out on a
street corner, children were spray-painting gratfits on a local building, children were
showing disrespect to an adult, a fight breke out in front of their house, and the fire
station elosest to home was threatened with budgetl cuts. Social colesion/trust was
measured by asking respondents how strongly they agreed that “People around here
are wiihng o help their neighbors™ “This 1x a close-knit neighborhood™; “People in
thix neighborhood can be trusted™; “People in this neighborhood generally don’y get
along with cach other™ (reverse coded): and *People in this neighborhood do not share
the same values™ (reverse coded). Social cohesion and informal social control were
strongly related across neighborhood clusters (r = .80), and following Sampson et al.
{1997). were combined into & summary measure of the higher-order construct, “col-
fective efficacy.” The aggregate-level or “ecometric” reliability {sce Raudenbush and
Sampson 1999) of collective efficacy was 852

In addinen o the cohesion and control scales that define collective efficacy. our
analysis takes into account institutional neighborhood processes and social networks.
Organizations 14 an index of the number of survey-reported organizations and pro-
grams 1n the neighborhood—the presence of community newspaper, block group or
terant association, crime prevention program, alcohol/drug treatment program, mental
health center, or family health service, Voluntary associations taps the “social capital”
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involvement by residents in (1) local religious organizations, (2) neighborhood watch
programs, {3} block group, tenanl associations, or comnmunity council, (4) business or
civie groups, (5 ethnie or nationality clubs, and (6) local pohtical organizations. The
measure of socfaf tiestenvorks is based on the combined average of two measures
capturing the number of friends and relatives living in the neighborhood.

Unlike the [ull-count census measures deseribed below, our community survey mea-
sures of social process are based on only about 25 respondents per neighborhood clus-
ter. Morcover. there are dilferential missing data by items in the scales. To account {or
measwrement error and missing data we employ the empirical Bayes (EB) residuals
of the Key survey-hased prediciors—collective etficacy, social ties, organizations, and
voluntary associations, EB residuals are defined as the least squares residuals regressed
(oward zero by a lactor proportional to their unreliability (Bryk and Raudenbush 1992,
42). Using EB residuals as explanatory variables corrects for bias in regression coeffi-
cients resulting from measurement error (Whittemore [989),

Structural Characteristics

Based on the 1990 census and our theoretical framework, we examine five neigh-
boarhood structural characteristics. All scales are based on the summation of equally
weighted z-scores divided by the number of items; factor-weighted scales yielded the
same results. Concentrated disadvantage represents economic disadvantage in racially
searceated urban neighborhoods, It is defined by the percentage of familics below the
poverly line, pereentage ol lamities receiving public assistance, percentage of unem-
ployed individuals in the civilian labor foree, pereentage ol families with children tha
are female-headed, and percentage of residents who are black. These variables are
highly interrelated and load on a single factor using either principal components or
alpha-scoring factor analysis with an oblique rotation (see also Sampson ct al. 1997,
920}. This result makes sense ccologically. reflecting neighborhood segregation mech-
anisms that concentrate the poor, Alrican-Americans, and single-parent families with
children (Bursik and Grasmick 1993b: Land ct al. 1990; Massey and Denton 1993,
Wilson 14871

[n such a seerepated conlexl, it is problematic at best to try and separate empiricatly
the influcnce of percent black from the other components ol the disadvantage scale.
for there are in fact no white neighborhoods that map onte the distnibution of extreme
disudvantage that black neighborhoods experience (Krivo and Peterson 2000; Samp-
son and Wilson 1995), For example, if one divides Chicago into thirds on concentrated
poverly, there are no white neighborhoods in Chicago that fall into the high category
(Sampson et al. 19973 Bven though traditional in ¢riminology, regression models that
enter both percent black and disadvantage thus assume a reality counter to fact. We
address this race 1ssue in two ways, First, we assess whether the struciural, social, and
spatial processes specilied in our models vary across regimes defined by racial com-
position. [n other words, although we cannot reliably disentangle the direct effects of
race and disadvantage. we address the possibility that racial composition interacts with
other variables. Second, we test the robustness of main results, other than disadvantage,
to traditionad controls for percemt bluck.
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Focusing on the pernicious effects of concemrated disadvantage, while obviously
impertant, may obscure the potential prorective effeets of affluent neighborhoods. After
all. concentrated atfluence may be wore than just the absence of disadvantage. Recent
years have seen (he increasing separation of allluent residents from middle class ar-
ecas (Massey [996), a phencainenon not captured by traditional measures of poverty.
Moreover, Brooks-Guon ot al. (1993) argue (hat concentrated affluence generates a
separate set of protective mechanisms based on access to social and institutional re-
cources. The resources that affluent aeighborhoods can mobilize are theoretically rele-
vanl (o understanding the activation of social control, regardless ol dense social ties and
other clements of social capital that might be present. In support of this notion, recent
work has demonstrated the importance of measoring the upper tail of the SES distribu-
lion when analyzing structural characteristics and youth vutcemes (Brooks-Gunn et al.
1993, Sampson et al. 1999). We thus extend our focus by introducing a measure that
caplures the concentration of hoth poverty and aliluence. The index ol concentration at
the extremes (ICE) (Massey 2001} is defined for a given neighborhood by the follow-
ing formula: [(number ol allluent lamilics — number of poor familics) / total number
of families|. where “atfiuent™ is defined as families with income above $30,000, and
“poor” is defined as familics below the poverty line. The ICE index ranges from a
theoretical value of - 1 (which represents extrenme poverty, namely that all lamilies are
poor) o +1 (which signals extreme atliuence. namely that all tamilies are affluent}. A
value of 7ero indicates that there is an equal share of poor and aftluens tamilies living
in the neighborhood. ICE is therefore an inequality measure that taps both ends of
the income distribution. or as Masscy (2001, 44) argues, the proportional imbalance
heiween alfuence and poverty within a neighborhood.

Other siructural covariates include the relative presence of adudrs per child (ratio
of aduits 18+ o children under 18) and peprlation density (number of persons per
square kilometer). We also build on Sampson ¢l al. (1997) by examining two addi-
lional structural characteristics long noted in the ecological litcrature. Residenttal sta-
hility is defined as Lhe percentage of residents five years old and older who lived in the
same house five years eartier, and the percentage of homes thut are owner-oceupied.
The second scale captures arcas of concentrated Latine immigration, delined by the
percentage of Latino residents (in Chicago approximately 70 percent of Latinos are
Mexican- American) and percentage of persons foreign born.

Violence Measures

To elininate method-induced associations between oulcomes and predictors, we ex-
amine two independent measures of homicide relatve to our survey-based approach to
measuring social process and census-hased approach 1o measuring structural covari-
ates. We analyze homicide as an indicator of neighborhood violence, both because of
its indisputable centrality o debates about crime, and because it 15 widely considered
10 be the most aceurately recorded of all crimes. Our principal data source comes fram
reporty of homicide incidents tw the Chicago Police Department. These data consist
of aggregate homicide counts that have been gea-coded 1o match the neighborhood
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cluster in which the events oceurred. We use the homicide count data from two time
periods., the years 1991 to 1993 and the years 1996 1o 19987 Because homicide is a rare
event, we construct rates based on three-year counts for bath periods to reduce mea-
surement error and stabilize rutes. We replicate (he main analysis on a person-based
measure ol homicide victimization in 1996 derived from vital siatistics eather than
police records.” The original source here was death-record information found in the
coroner’s report and recorded 1n vital statistics data for Chicago, which were geocoded
based on the home address of the victim. ™ To the extent that basic patterns are similar
across recording systems with obviously different error structures, we can place in-
creased confidence in the results of independently measured predictors. Nevertheless,
we privilege the incident-based homicide measure [rom police statistics as our primary
outcome, because our theoretical perspective, grounded in the social control of routine
activities, places 1ts analytic focus on the neighborhood factors that might suppress the
oceurrence of homicide events within its boundaries.

Sampson et al. (1997) analyzed violence measured at the same time (1993) as the
survey of collective efficacy, meaning that the outcome could have influenced the al-
leged explanatory factors. By contrast, we assess the ability of our model w predict
[uture variations in vivlence. Specilically, the census-hased tactors (1990} and survey-
based processes (1995) were measured temporally prior to the event counts of homicide
in 1996-1998. Morcover, we address the potential endogeneity of collective efficacy
with respect o past violence by explicitly controlling for the rate of violent events in
1992-1993. It may be that neighborhoed social trust and residents” sense of control
are undermined by experiences with crime, most notably interpersonal ¢crimes of vi-
olence and those committed in public by strangers (Bellair 2000: T.iska and Bellair
1995: Skogan 1990). Ours 15 a strict test, because the strong lemporal dependence in
violence (c.g.. the correlation between 1991-1993 and 1996-1998 14 .79 for incidence
rates) may yickl unduly conservative estimates of any of the predictors. This procedure
also gives us some purchase on controliing fur prior sources of ¢rime not captured in
our measured variables.”

Statistical Models and Spatial Framework

There are three major features of our approach and data that nwst be represented in
our statistical model: the conception of the outcome as a count of rare events (homi-
cides); the likely unexplained vartation between neighborhoods in the underlying latent
eventrates; and the spatial embeddedness ol neighborhood processes. Our model views
the homicide count ¥, for a given neighborhood as sampled frem an over-dispersed
Poisson distnibution with mean n;4;, where n; is the population size in 1(30.000s of
neighborhood 7, and 72; s the latent or “true™ homicide rate for neighborhood i per
HO0.000 people. We view the og-event rates as nonmally distributed across neighbor-
hoods. However, we conceive of these Iog-cvent rates as spatially auto-correlated. More
specihically. using a hicrarchical generalized lincar model approach (McCullagh and
Nelder 1989), we set the natural log link ;= log(i;) equal 10 a mixed lincar model
that includes relevant neighborhood covariates. a random eliect for cach neighborhood,
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plus o spatial autocorrelation term, Thus, our model for the neighborhood log homi-
cide rale conlorms to an over-dispersed Poisson distribution {see Raudenbush and Bryk
20023,

The advantage of this approach is three-fold. First, it sensibly incorporates the
skewed nature ot the homicide outcome, which has many values of zero, while at
the same time ereattng a metric that delines meaninglul etfect size. Numnely, exponen-
tiating the regression cocfticient i such a model and multuplying the result tines 100
produces the uselul nterpretation of “the percent increase in the homicide rate associ-
ated with a one unit increase in the predictor” Second, the approach represents unigue
unohserved differences between neighborhoods via random effects. To the extent that
ncighhorhoods have unique Teatures that allect homicide rates, these random effects
are important in aceaounting lor variation not explamable by the structural model. Third,
the approach incorporates the spatial dependence of neighborhood homicide rates.

Unfortunately, soltware that can simultancously handie over dispersed Poisson var-
ates, randoni elfects ol neighborheods, and spatial dependence is not currently avail-
able. We therefore employed o two-step approximaton. Fiest, we used a hierarchical
generalized linear model without spatial dependence to compute posterior modes #77 of
neighborhood-specitie log-homicide rates given the data, the grand mean estimate for
Chicago, and the estimated between-neighborhood variance in the true log-rates. " Next,
we imported these posterior modes into software dedicated 1o estimating regression
models wath spatial dependence (SpaceStat). Using this inlegrated approach, regression
coetficients and coelticients of spatial dependence have the desirable interpretation of
the wdeal madel deseribed above.

We estimate spatial dependence by constructing “spatiatly lagged™ versions ol our
measures of violence. We define y; as the homicide rate of NC;, and wy; as clementd, j
of a spanal weights matrix that expresses the geographical proximity of NC; 1o NC;
{Anselin 1988, 113, For a given observation 7, a spatial lag 3, wy;v; is the weighted
average of homicide in neighboring locations.® The weights matrix is expressed as first-
order contiguity, which defines neighbors as those NCs that share a common border
(referred W as the rook eriterion).” Thus, wy; = 1117 and j are contiguous, 01l not.
We then test lormally lor the independent role of spatial dependence 1n a multvari-
ate model by introducing the spatial lag as an explanatory variable. The spatal Jag
regression model is defined as

v pWy + XA + &, (1)

where vis an N by 1 vector of observations on the dependent variable; Wy is an N by |
vector composed of clements L; i, vy, the spatial lags Tor the dependent variable: p is
the spatial autoregressive coclicient; X is an ¥ by K matrix ol exogenous explanatory
variables with an associated & by 1 vector of regression coellicients A: and & 15 an N
by | vector of normally distiibuted randomn error terms, with means 0 and constant
{homoskedastic) variances,

The most straighttorward interpretation of p s that, for a given neighborhood, £,
It represents the etlect of a one-unit change in the average homicide rate of 75 first-
order neighbors on the homicide rate of 7. This interpretation would seem w suggest
a diffusion process, wherehy achigh homicide rate in one neighborhood diffuses out-
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ward and aifects homicide rawes in surrounding neighborhoods. However, the notion of
diffusion implies a process that oceurs over lime, while (he spatial autocorrelation pro-
cess modeled in Equation (1) is entirely cross-sectional—homicide rates are spatiaily
interrelated across neighborhoods but simultancously determined. Moreover, the inter-
pretation of o as a pure diffusion (or [eedback) mechanism—the effeet of a onc-unit
change in Wy on y—dous nol caplure the complexily of the spatial process specilied in
Equation (1), By extending the logic of Equation (1), we can demeonstrate that the spa-
tial lag mewdet also incorporates the idea of “exposure™ to the values of the measured X
variables and the & term (i.¢., unmeasured characieristics) in spatially proximate neigh-
horhoods, According 1o Equation (1), the value ol y at lecation 1 depends on the values
of X and £ at location { and on values of vin#’s first-order neighbors. In turn, the first-
ordder neighbors' vatues of y are functions of X and & in i's (irst-order neighbors and v
in i's second-order neighbors, and so on. This process continues in a step-tike fashion,
incorporating the neighborhood characterisuces of successively higher-order neighbors
of i (see also Tolnay ot al. 1996). This process can be expressed mathematically by
rewriling Equation (1) as follows:

y= XB+pWXB+p W XA+ ..
b p"WIXB e+ pWe + p'j".’r"jx + .+ ptWe, (M

where i — o¢, Equation (2} is also known as the Vspatial multiplier” process, because
it shows (hat the spatial regression model treats spatial dependence as a ripple eftect,
through which a change in X or 2 at location § influences not only the value of ¥ al
Jocation ¢ but also (indirectly at all other locations in Chicago.

Liquation {2} also shows that the spatial elfect can be decomposed into two parts:
the effect of proximity w the measured X variables, and the elfect ol proxniity to
unmeasured characteristics, £. The first component (the spatial process in the X vari-
ables) directly addresses the “proximity hypothesis™ discussed above—it estimates the
extent to which honucide rates are related 1o values of the measured X variables in
spatially proximate neighborhoods. ' The second component of Equation (2) (the spa-
ial progcess in £) is more ambiguous and depends on the model specification. In part.
this component 1aps the elfect of spatial proximity (o unmeasured (catures in nearby
neighborhoods that are associated with homicide. For example, the homicide rate of
the focal neighborhood might be related 1o rates in surrounding areas becavse of over-
lapping social networks across arbitrary neighborhood boundaries. Another possibilily
is a spitlover eftect such that the homicide rate in the focal neighborhood is aftected by
the homicide rate in nearby neighborhoods directly. Therefore, the p coelficient from
the spatal lag model captures spatial exposure 10 the observed X variables, spatial
exposure to unobserved predictors, and endogenous feedback effects in v,

Exploratory Spatial Data Analysis

We begin our analysis by examining the geographic disiributions of homicide and col-
lective efficacy across Chicago neighborhoods in an exploratory spatial data analysis
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{Anselin T988). Consistent with much past research, homicide events are nol randomly
distributed with respect W geography. In fact. supplementary tabulations reveal that 70
percent of all the homicides in Chicago between 1996 and 1998 occurred inonly 32 per-
cent of the neighborhood clusters, according to the Police data. We thus examined the
peographic correspondence between the distribution of neighborhood homicide rates
and that of cotlective elficacy, a key social processes from our theoretical perspective.
To lacilitate such a comparison, we employ a typology of spatial association, referred
1o us a Moran scatterplot, which classilies cach neighborhood based on its value for
a given variable, v. and the weighted average of v in contiguous neighborhoods, as
captured by the spatial lag term, Wy, For simplicity, neighborhoods that are above the
mean on v are considered o have “high™ values of v, while neighborhoods below the
mean are classificd as "low” The same distinction is made with respect to values ot
Wy for each neighborhood, resulting in a four-fold classitication with the following
categories: (1) low-low, for neighborhoods that have low levels of efficacy and are also
proximate to neighborhoods with low levels of etficacy; (2) low-high, for neighbor-
hoods that have low levels of efticacy bui are proximate to high levels: (3) high-low.
lor neighborhboods that have high levels of efficacy but are proximaie to low levels;
and (4) high-high, for arcas with high levels of eflicacy thal are also proximate io high
levels of etficacy.

Figure 8.1 displays the results of the spatial typology for two variables: collective
efficacy and the 19961998 EB homicide rates. construcied from the incident-based
Police data.'? This map conveys two picces of information for ecach neighborhood.
First. cach neighborhood's value tor the spatial typology of collective elficacy s de-
noted by a ditferent il pattern: light gray for low-low: dots for low-high: diagonal
stripes for high-low: and dark gray for high-high.'* Sccond. the symbols on the map
represent values of the spatial typology of EB homicide rates, constructed from the
1996—1998 police data: black stars indicate significant high-high vatues (i.e.. homicide
“hot spots™), and gray crosses indicate signilicant low-low values (1.e.. homicide “cold
Spots’),

We draw 1wo general conclusions from Figure 8.1, First, the map shows that there
is a high degree of overlap between the spatial distributions of collective efficacy and
honticide. For example, 67 of the 93 neighborhoods that have spatial clustering of
high levels ol collective efficacy (72 percent) also experience statistically significant
clustering of low homicide. Most ol the clustertng of low homicide coupled wath high
collective efficacy oceurs in neighborhoods localed on the western boundaries of Chi-
cago, particularly on the far northwest and southwest sides. Similarly, there is a strong
correspondence between the spatial clustering of high homicide rates and low levels of
collective cllicacy. O the 103 homicide hot spols, 77 {or 75 percent) also have spatial
clustering of Tow levels of collective elficacy. Second, despite the strong association be-
tween the geographic distribution of collective elficacy and homicide, there are muny
observations where the two typologies are at variance with one another. Tor example,
[ of the 93 homicide cold spots (15 percent) appear in neighborhoods with low levels
ol collective etficacy that are surrounded by high levels. Morcover, 15 ol 103 homicide
hot spots (15 percent) are in neighborhoods that have high levels of collective efficacy
but are surrounded by neighborhoods with low levels. Neighborhoods where the level
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Spatial Typelogy of EB Homicide Rate
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Figure B.1. Spatial typology of collective elficacy with homicide "Hot™ Spots and “Cold”
Spots.

of coflective elficacy is at variance with surrounding neighborhoods are important the-
oretically. because they reveal concrele but often neglected (orms of spattal advantage
and disadvantage (Sampson et al. 1999},

The role of spanal proximity to collective elficacy 15 further explored in Figure 8.2,
which graphs the mean homicide rate for the four categories of the collective ctficacy
spatial typology. " Figure 8.2 reveals that regardless of the level of collecuve cfficacy i
the focal netghborhood, mean homicide rates are lower among neighborhoods that are
spatially proximate to high levels ol collective ellicacy (as indicated by the dark gray
birs) than they are among neighborhoods that are spatially proximate 1o low levels of
collective efficacy {as indicated by the dotted bars ). IUis therelore clear that a neighbor-
hood’s spatial proximity to collective efficacy conditions its homicide rate. independent
of its own level of collective efficacy. In other words, knowing the local level of social
organization is not enough, a proposition we now test further in a multivariate spattal
analysis of homicide rates with additional covariates.
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Figure 8.2. Mean homicide rate by Jevel and spatial proximity 1o collective elficacy.

Multivariate Analysis

We turn 1o aregression framework to wvestigate three substantive issucs in the analysis
of neighborhood homicide rates: the role of multiple social processes as neighborhood
mechanisms, the spatial dynamics ol homicide, and the endogeneity of collective eth-
cucy. Table 8.1 presents the results of regression maodels for EB homicide rates using the
Chicago Police Data. The first model includes only the structural covariates. The nat-
ural log of the concentrated disadvantage index 1s used, because scatterplots revealed
a nonlinear relationship between disadvantage and homicide. The log-transformation
effectively lincarizes this association.'® The results show that all of the coetficients in
this model are significant, with the exception ot the ratio of adults 1o children. When
social and institutional processes are added to the regression, in Maodel 2, only the el-
leets of disadvantage (positive ). residential stability (positive}, and density {negative)
remain significant.’® More importantly, Model 2 also reveals that collective ctficacy
is negatively related o homicide rates, as anticipated by the theoretical discussion.
Somewhat unexpectedly, none of the other social or institutional process variables in
Model 2 are signilicantly related 1o homicide.

Maodels 3 and 4 represent spatial lag regressions estimated via maximum likelihood.
Maodel 3 introduces the spadal lag 1enin, which 1s positively related 10 homicide rates
and strongly signilicant. The introduction of the spatial lag term in Model 3 eliminates
the signilicance of residential stability and diminishes the ctiects of concentrated disad-
vantage (by 30 percent), population density {by 20 percent), and collective efficacy (by
[6.5 percent). Model 4 adds a control for the prior neighborhood homicide rate (1991~
19935 in order to address the possibility that the association between collective eflicacy
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Table 8.1. Coefficients from the regression of incident-based 1996-1998 empirical
Bayes Poisson homicide rate on neighborhood predictors.

Ly Merviruns Likeliftoid
Yariahlos [y 13 i3 (41 {5 (831
LN concentrated dissivantage 1307 1147 080" RE
107 ((10Y) £.103 (13
ICE index @, 127 68T
10 18) GREY
Concentrated imnigration o1t 0.06 0.4013 (.0 i1t 004
(104 (.05} (004, 04 (004 (004
Residential stability 005" ns’ {3 {13 003 (103 .03
(002 (.02 (002} (302} (1102 if.012)
Adults pee chitd” (.01 0.06 0412 {12 07 016
(0,33 £61.33) (. My {130 (132 (0.32)
Boputation density! 027" 033" 0,277 2008 I )l 0207
(004 10.04) {008 ).08) (1.0 (.08}
Collective efficacy < R § . S : A | ¥ {1 A |
(1. 200 (1) .18} (. 1% (18}
Wiluntary assogiatons 018 15 (.13 015 014
0. 1k {169 ARG (.09 {L09)
Organizations —0.05 —{Lis —0.013 —0.02 —Ihi
(.07) 1066) {11.06) (.07 {0.06)
Kinflriendship ties .02 {ro2 (.05 0. 10 1113
{16 ih15) 5] (1M {16}
Spatial proximity 1,347 B S 0.0
10,05) 005 (0.05) (1105
Priar hoanivide rae (159 19493 021 03
(11410 (11053
Constant s A 6017 162" 187" 51" "
{1L0%) 2.92) .87 (.59 (87 (.59
R 0.6% .70 .72 0.73 01,69 0.73

sStandaed Lrrors in Parentlieses)

“Adults por child saltipticd by 1880
“Population density multiplied by 1,00
e ¥ ',r: = 015

Soarvess L8900 1998 Chicago Poliee Dalaz 1995 PHDUN Sarvey: and 19300 Censas.

m 1995 and [996- 1998 homicide rates 15 really a reflection of the downward spiral of
ncighborhoods caused by prior violence. ' The control Tor prior homicide reduces the
magnitude of the collective elficacy coeflicient (by 13 percent), bul it sGll maintains
sigmficance. The control for prier homicide reduces the disadvantage cocliicient more
substantially (hy 33 percent), but because 1991-1993 homicide rates and the logged
disadvantage index are so highly correlated (c = 900, it s difficult (o disentangle their
independent effects on 1996- 1998 homicide rates. More important from the standpaoint
of our theorctical discussion above is that collective elMcacy and the spatial term main-
tain significant and sirong associations with variations in future homicide unaccounted
for by the stable patterns of violence as reflected 1in prior homicide.
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The rentaining models in‘Table 8.1, Maodels 5 and 6, offer an aliernative specification
of the spatial autocorrelation model with and without the control for prior homicide.
What is unique about Models 5 and 6 is the substitution of the [CE index Tor the dis-
advantage index. The [CE index captures the degree of concentrated affluence relative
o the concentration of poverty in a neighborhood (Massey 2001 ). The coetlicients for
collective clficacy remain statistically significant in Models 5 and 6 after controlling
[or prior homicide. Significant spatial dependence also remains in cach of the models.
Thus, even though they are conceptually distinet, substituting ICE for the disadvantage
index does not alter the main lindings. The larger message appears w be that concen-
trated incquality tn soctoeconomie resources is directly related to homicide.

To assess robustness, Table 8.2 replicates the same set of models using viclon-based
homicide rates Tor 1996 from the Chicago Vital Statistics data. The results are similar to
those Trom Table 8.1 for the variabtes of main theoretical interest: concentrated disad-
vantage, collective etficacy. spatial proximily, and the ICE index. [n Model 1. concen-
rated disadvantage 1s the only structural vartable that has a statistical association with
homicide. Unlike the results Tor the incident-based homicide measure, density does not
have o direct relationship with victim-based homicide. This makes sense from a routine
activitics perspective, because i0is a Tactor that is theoretically related to the point of
the event’s oceurrence, not the residence of the vietim.,

When the social process variables are added in Model 2, we again hnd a significant
association between homicide rates and collective efficacy. but not tor social ties or any
of the instiiitional measares. The spatial lag term, tntroduced in Model 3, is significant
and positively related 1o homicide rates. The control For prior homicide is not signili-
cant in Model 4,7 but the coetticients tor disadvantage, collective ellicacy, and spatial
dependence maintain their significance. The effects associated with collective ellicacy
and spatial dependence also remain significant alter the substitution of the [CIindex
for the disadvantage index in Models 5 and 6.

In sum, we find a fairly robust set of results across independently collected sources
of homicide data: the Chicago Police Statistics and Chicago Vital Statistics, Concen-
trated disadvantage, collective efficacy. and the ICE index are consistently related 1o
homicide. [n particular, strong spatial effects are also evident in both data sets; these
spatial ellcets remain after controlling tor the strong stability in homicide nsk over
time. We believe this linding is important, Tor one of the biggest problems in spatially-
based social research is ensuring that p s not spurious due o a fatlure to tully specity
the causal processes in a focal community. The strength of our model is that the tem-
porally lagged homicide rate essentially serves as a proxy lor all such unmeasured
variables. Thus, to the extent that prior homicide adjusts for the unobserved hetero-
geneity ol causal processes, (he continued sirength of the p cocllicient increases our
confidence in the robustness of the effect of spaual proximity on homicide.

Although we consider homicide to be our best measure of violence, Lo test the
robustness of our main patterns we also replicated the spatial models on a different
predatory crime—robbery. “Table 8.3 presents the basic models and empirieal resuolts,
Overall, the same pattern obtains. The spatial proximity coefficient is significant in all
niodels, including those that control for prior robbery. In this case, prior robbery and
concurrent robbery are correlated at more than r = 90, meaning that there is very litile
residual variance left o explain. Itis not clear whether a reduction in magnitude for the
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Table 8.2. Coefficients from the regression of victim-based 1996 empirical Bayes
Poisson homicide rate on neighborhood predictors.
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effects of our set of social-process predictors means that the assoctation is mediated or
is spurious. What we can see, however, is that in this conservative lest, the spatial lag
effect remains robust for robbery,

Further Understanding the Spatial Dynamics of Violence
To interpret more fully the results of the spatial lag models, 1t is important to recall
that in Equation (23, homicide is related to the value ol cach X variable in successively

higher-order neighbors by a function of p, the coefficient for the spatial lag term, In
Figure 8.3, we use the results froms Model 4 in Tables 8.1 and 8.2 10 demonstrate how
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Table 8.3. Coefficients from the regression of 1995 logged
robbery rate on neighborhood predictors.
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this “spatial multiplier” process works with respect to two key covartates: concentrated
disadvantage (which is logged) and collective efficacy. " The bars on the left side of the
araph illustrate how the spatial multiplier process operates lor concentrated disad van-
tage. The first set of bars in this series shows that, controlling for all other covariates (n
Model 4. a one-standard-deviation increase in the log of the disadvantage 1ndex i the
focal neighboriivod is associated with u 40 percent increasc in the homicide rate in the
fucal neighborhood, according to the Police data, and a 24 percent increase according
to the Vital Stadstics.™ The nexi set ol bars reveals that all clse being equal, a one-
standard-deviation increase in the average level of concentrated disadvantage in the
first-order neighbors of the local neighborhood is associated with a 9 percent increase
in the homicide rate in the focal neighborhood. according 1o the Police data, and a 4
percent increase according to Vital Statistics. The remaining bars show that the effects
of disadvantage decrease exponentially with cach succeeding level of contiguity. To
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gauge the cumulative effect, it is possible to add up ali the bars in this series for cach
data set. This shows that a simultancous one-standard-deviation increase in the log ol
the disadvantage index in the focal neighborheod. and in the first-, second-, and third-
order neighbors, is associated with a 52 percent increase in hormicide, according 1o
Police data. and a 28 percent increase according to the Vital Statistics,

The right side ol Figure 8.3 displays results for the same exercise conducted on
collective efficacy. The coefficients Tor collective efficacy are more stable across the
two data sets. A one-standard-deviation increase in the level of collective clficacy in
the focal neighborhood is associated with a 12 percent reduction in the homicide rale,
according to both the Police data and the Vital Statistics data. Cumulatively, a one-
standard-deviation increase in collective efficacy in the focal netghborhood, and the
firsl-, sccond-, and third-order neighbors is associated with a 15 percent reduction in
the homicide rate of the focal neighborhood, according to the Police data, and a 14
percent drop according o the Vil Statistics.

Note that Figure 8.3 only displays the spatial effects associated with two indepen-
dent vartables. concentrated disadvantage and colleetive efficacy, A full decomposition
of the spatial effect would include other variables in the model. in addition 1o the error
term. Thus, the effects displayed in Figure 8.3 are only a fraction of the full spatial
ellect. What these results do show, however, is that the cumulative effects associated
with both disadvantage and collective efficacy are substantively quite large, particularly
when their spatial dynamics are taken into account.

Regimes of Racial Segregation

To this point our analysis has relied on an index of concentrated disadvantage that

includes racial composition as one of its compuonents. As we argued above, the high

degree of racial segregation overlaid with poverty hinders our ability to disentangle the

direct effects of neighborhood racial composition and neighborhood socioeconomic
i disadvantage in Chicago.=' However. it is possible, and we would argue more mean-
mgful, o examine whether the social and structural processes under study operate sim-
tlarly across neighborhoods of differing racial composition. We address this issue by
estimating spatial regime models (Ansclin 1995a), which allow coclficients 10 vary
across regimes dehined by neighborhood racial composition while also controlling lor
spatial dependence. == To define these regimes, we divide Chicago’s neighborhoods into
two calegories based on their 1990 racial composition: (1) less than 75 percent non-
Hispanic black (hencelorth referred to as “non-black™ neighborhoods) and (2) 75 per-
cent or more non-Hispanic black (henceforth relerred 0 as “black™ neighborhoods),
There are 125 black neighborhoods. as defined by this typology. and they are on average
96.4 percent black, 2.5 pereent white, and 2.8 percent Hispanic. There are 217 non-
black ncighborhoods, which on average are 54.3 pereent white, 3045 percent Hispanic.
and 4.4 pereent black.

The results of the regime model are reported in Table 8.4, We use ICE as our in-
equality measure im these models, because the disadvantage index contains the percent
black measure, which cannot be used both on the right-hand side of the regressions
and in the definttion of the regimes. Theoretically, we are interested in the propor-
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Table 8.4, Coefficients from the regression of empirical Bayes Poisson hemicide rates
on neighborhood predictors by racial regimes.
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Sonrces: P99= 1998 Chicago Police Dala: 1995 PEHIDCN Survey; and 19908 Censns,

tional distribution ol aifluence and poverty within racial regtmes, The first two coluning
display results using the incident-based homicide oulcome—column | conlains the
coclficients for the non-bluck neighborhoods, and column 2 contains coefficients for
the black neighborhoods. In general, the results do not ditfer very much across regimes
in the incident-based homicide model. ™ The TCE index and collective efficacy have
signilicant negative associations with the homicide incident rate in both non-black and
black neighborhoods, The spatial elfect, which is estimated jointly across non-black
and black ncighborhoods. is also significant and large. The main difference is that pop-
ulation density has a significant negative elfect only in non-black neighborhoods.
Turning to the victim-based homicide measure (columns 3 and 4}, the results yield
more ditferences across the two regimes.™ In the victim-based homicide model, the
ICE index 18 significantly associated with homicide only in non-black neighborhoods,
whereas the associaton between cellective elficacy and homicide is significant only
in black neighborhoods, Moreover, in black neighborhoods, the measures of volun-
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tary associations and organizations are positively associated with homicide, whercas
in non-black neighborhoods these associstions are non-significant. Again, the spatial
ellect is significant. Although there is evidence of differing magnitudes of elfect across
hlack and non-bliack neighborhoods, the overall results for collective efficacy and spa-
tal proximitly are fairly robust taking both homicwde outcomes nto account.

Conclusion and Implications

Our results suggest that spatial embeddedness, internal structural characteristics, and
soctal organizational processes are cach important for understanding neighborhood-
level variations in rates ol violence. Spatial proximity to violenee, collective efficacy.
and alternative measures of neighborhood inequality—indices of concentrated disad-
vantage and concentrated extremes—-emerged as the most consistent predictors of var-
ations in homicide across a wide range of wests and empirical specifications. Moreover,
our analysis ol racial “spatial regimes” suggested that structural characteristics and
social processes have many similar elfects on homicide rates in predominantly black,
compared with non-black, neighborhoods. Although we did find some evidence of dif-
lerences incoelficients across regimes—- and 1t 1s noteworthy that the effect of collecuve
efficacy is strongest in black neighborhoods—overall, the results suggest that a farly
stable causal process 1s operaling in all parts of the city. Put ditferently, the evidence 15
mare lavorable than not w the idea that the fundamental causes of neighborhood vio-
lence are similar across race (see also Knivo and Peterson 2000: Sampson and Wilson
1995},

A magjor theme ol our analysis is that homicide is a spatially dependent process,
and that our estimates of spatial effects are relatively large in magnitude, Indeed the
spatial eltects were larger than standard structural covariates and an array of neigh-
horhood social processes. The tendency of past research has been to focus on internal
neighborhood factors, but they are clearly not erough 1o understand homicide. Local
actions and population composition make a difference, to be sure, but they are severely
constrained by the spatial context ol adjacent neighborhoods. Our results suggest that
political economy theorists are right in insisting on models that incorporate citywide
dyvnamics (Logan and Molotch 1987). Hope (1995, 24) makes a sinmlar point from
the criminological perspective, suggestuing that many intervention cltorts bave faited
because they did not adequately address the pressures towards erime in the commu-
nily that derive from forees external to the community in the wider social structure,
Although very difterent in research style and method, the recent ethnographic work
of Pautillo-McCoy (1999) also parallels our findings and discovery of the salience of
spatial vulnerability, especially for black middle-class neighborhoods (Figare 8.1).

The puzzle that remains is w further disentangle spatial processes into constituent
parts. At this juncture we are unable to pinpoint the relative contributions of exposure
and diffusion, an agenda we are hopeful that criminological researchers and method-
ologists will have an interest in tackling. We believe that better longitudinal data on
crime and social processes will provide a particular boon to disentangling temporal
and cross-sectional ditfusion. In the meantime, (& scems clear that spatial proximity
cannol be ignored in theories of violence.
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. By neighiborhood. the survey protocol stated: ™ .« we mean the area around where you live
and around vour house, It may inclode places vou shop, veligious or public institutions, or
a bocal business district, 101s the general urea sround your house where you might perlornu
routine lasks. such as shopping. going to the park, or visiting with neighbors ™
Distinet front individual-level reliability te.g.. Cronbach’s alphay. neighborhood reliability
is defined us: Z Inx;.;"tr[g} + r:rz,.’wj jJ FFowhich measures the precision ol the estinale, av-
eraped across the set of S neighborhoods. ax a function of (1) the sample size (r in coch of
the § neighborhoods and (23 the proportion of the (otal variance that is between-groups { 7y)
refative Lo the amount that is within-groups (#7). A magnitude of greater than 8O supges(s
that we are able o reliably tap purameter variance in collective eflicacy at the neighborhood
level, For further discussion of wols fur assessing ecologicul contest see Raudenbush and
: Sampson (1999).
: 3. We thank Richard Block Tor providing the pelice count dizta for 1996— 1098, Homicide dala
' from 1991--1993 were downloaded Trom the Chicago Homicide Data Set at the ICPSR dala
archive twww.icpsrumich.edu). Homicide data from both ttime periods come from police
counts, also compiled by Richard Block. that were geovoeded based on the address where
the invident oceurred, The homicide counts Tor cach neighborhood cluster include cases
of non-negligent manstaeghter but exclude deaths from injories inflicted by law-enlorcing

b2

. agenls,

i 4. We did not have aceess o vital staristics data for 1997 or 1998 s0 our (we megsures of

: homicide do not cover exactly the same period. Homicides in the vital siatistics gre coded as
causes of death due 1o injuries inflicted by another person with intent w injure or kill, by any
meuns. As with the police statistics, these homicide datainelude non-negligent manslaughter
but exclude injuries inllicted by the police or other law-enforcing agents (NCHS 20001,

5. A long history of research on homicide has shown thai vicims tend 1o be killed in or very
near Lo their neighborboods of residence. For homicide, then, the victimization rite also
serves as a proxy for homicide incidence, an assumption validated hy the high correlation

| between vital statistics and the police-recorded incidenee of homicide events, The corre-
latient between the homicide rate calenlated from vitgl statistes from 1996 dag and tha
caleulated from the police statistics Tor 1996— 1998 is .71 The correlation between homicide
rates caleulaled on the two data sets for 1991-1993 i K6,

6. An alternative approach o addressing the endogeneity ol coltlective efticacy would be to
examine simultaneous equation models, but in this procedure the choice of instrumental
variahles s often very difficult to justify (see discussion in Bellair 20000, and the existing

' literature has been harshiy criticized as untenable (Fisher and Nagin 1978). The problem

is that the exclusionary restrictions cannot be validated with the data at hand. We prefer o

' address endogeneity through a control for prior homicide on two grounds—no identitying

restrictions are necessary, and i0is o conservative test, The latter is true because the very high

stability in honucide rgtes over ume results in littde residual vangtion et in the homicide
rate (o explain with other covariates. Also, prior levels ol social process, For which we have
no measures, may have influeneed prior levels of crime and thus, may be mediaed in their
ciflect. Howewer, i a significant association between social process and homicide maintains
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103,

alter partialling the ctiect of prior homicide, endogeneity is an implausible inference in our
panel model, since the homicide ouicomne is measured at a later tme than the predictors;
crimye cannot influenee the past.

The approximate posterior mode y; for neighborhood §ix a weighted average ot that neigh-
borhowl's log homicide rate, esiimated using only the data from that neighborhood, and
the averall mode of the homicide rates estimated from the data generated by all of the
neighborhoods. The weights aceorded cach compenent are propurtional (o their precisions.
The more data collected in neighborhood i, the more precise will be the estimate based on
the data trom that neighborhood, and the more weight it will he accorded in composing
. The morte concentrated the neighborhoed rates around the overall mode. the more thal
overall mode will be weighted, Such approximate posterior modes are routinely produced
as output from widely used statistical soliware for multilevel analysis {c.f.. Raudenbush
and Bryk 2002). The shrinkage of neighborhood-specilic estimates toward an overall mode
is not ideal, hecause it ignores prior intormation about how neighborhoods differ in their
homicide rates. [n principle. this leads W somewhat conservative estimates ol the etfects of
neighborhood-level covariates. To assess the extent of bias, we replicated our resulls using
standard regression analyses with the neighborhood-based rates as outcomes. Results were
very similar, We chose the approach using posterior modes. because it eatends better 1o
spatial modeling. The stundard upproach using the neighborhovd-based rates as oucomes
does not extend welk (o the incorporation of spatial eftects. because the extreme skewness of
the neighborhood-specilic rates contracdicts the assumptions of the spatial regression proce-
dures. Using the posterior modes solves this problem and produces slable and inwrpretable
spatial results,

Spatial dependence may also be treated as 4 "nuisance.” in the form of a spatial error mode!
{Ansclin 1988), The spatial lag model was chosen because it conforms to our theorctical
approach that specifies spatial dependence as a substantive phenomenon rather than as a
nuisance (see abso Tulnay, Deune, and Beck 1996} Morcover, the spatial lag models gener-
ally vutperformed the corresponding spatial ercor models in a variety of diagnostic tests.
Belore computing the spatial lag term. we standardized the weights matrix by dividing cach
clement in @ given row by the corresponding row sum (see Ansciin 199533, Defined formally
A8 Wi F D My TOW standardizaton constrains the range of the parameter space in such o
way that the resulting coelficient is no longer dependant on the scale of the distance em-
ployed in (he weights matrix. The spatial lag parameter ¢an be interpreted as the estimated
effect of 2 one-unit ¢hange in the scale of the original variable [rom which it wis created.
This model is often referred 1o as the simultaneous spatial awtoregressive medel, because the
presence of the spatial lag is similar to the inclusion of endogenous explanatory variables
in systems of simultaneous equations. All estimates of the spatial proxinity models were
derived using the program “SpaceStat” (Anselin 19935a).

Because g is multiplied by the g coeflicient for cach X variabie in Equation (2}, and O =
o = 1L Qs possible (o think of g as the rate at which the elfects of each X variable are
mdiscounted” in contiguous neighbors. Thus, il p = .50, then the effects of the avernge
Lovel of X in the first-order neighbors (We) will be hall as strong as they are in the Tocal
neighborhood. In the secand-order neighbors, the effect will be reduced by one-gquarter the
size of B1.50° = .25), and sa on for cach successive order ol contiguity.

A color version of the map is dispfayed at the website http:iwww.csiss.org/best-practices,
It is pussible o apply w lest of statistical signilicance for the values of this typology. devel-
oped by Anselin (1995by, This test of local spatial association at each location {is referred
w as the local Morun statisiic, detined as Fr = {(2;/#i2) Z;‘ e, with = 3 [3 where
the observations 1, and 2, are standardized values of ¥ and v, expressed as deviations from
the mean (Anselin 1995 and 1995h). Linder a conditional randomization approach, the
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value of 7, at location £ is held lixed. and the remaining values of 7; over all wther neigh-
borhoods in the ciey are randomly permuted in an iterative fashion. With each permutation,
a mew yalue of the quannty ZJ. w2y 18 computed, and the statistic is recalceutated. This
permutation operationalizes the aull hypothesis of complete spatial randomness. A test for
pseudo signiticance ix then constructed by comparing the original value of f; to the empir-
jeal distribution that results from the permuatation provess (Anselin 19950), We could not
comey the informativn aboul statistical significance ol the Moran typology for collective
elficacy with the Timited shading scheme of @ black and white map—such a map eniails an
eight-fold categorization, which is better displayed i color, However, the symbols on the
matp representing homicide hot spots tstars) and cold spots (crosses) are based on only the
statistically significant “high-high™ and “low-low™ values of the local Moran statistic for
humicide. We have posted a more detailed color map at hup:#wwwoesiss org/best-practices
that also displays the signilicant spatial clustering of collective elticucy.

14, This graph does not take into account statistical signilicance of Moran’s £, because there
are very Tew neighborhoods that ure in either the low-high or high-low categories and have
statistically significant values of Moran’s F ionly 6 1n low-high and 11 in high-low). These
cell sizes are oo small w peneraie reliable estimates of mean honucide rates.

15, Before taking its natural log, we added & constant (1.5) to the disadvantage scile to eliminate
negative values.

16, The negative association between populution density and homicide might go ugaimst con-
ventional wisdom that it should be positive. The expectation of & positive association is
probably more applicable (o the city devel (ie., more densely populated cities may indeed
have higher bomicide rates ), but it s less applicable w the neighberhood level, becadse many
of the most Jevastated and pour areas wirfiin cities of the North and Midwest are those that
hecame “depopulated” during the suciat dislocations of the 1970s and 1980s (Wilson 1987),

17. These prior homicide rates are also based on the over-dispersed Poisson distribution, using
the same methodology described above,

1%, Again, prior homicide is strongly correlated with the Togged disadvuntage index (900, Con-
sequently, as was the case in Table 8.1, we cannot reliably disentangle the independent ¢f-
fects of prior homicide and disadvantage on homicide in 1996,

19, In order to obtain the pereentage change in the homicide rate per standard deviation change
in the cortesponding independent variable, we expencntiate the product of cach regression
coeflicient and the standiard deviadon of the respective covariate,

30, Beeause the relationship between concentrated disadvuntuge and the homicide rate is non-
lincar. the elfect of u one-standard deviaiion increase in disadvantage depends on where in
the distribuntion of disadvantage that change is evaluated, Figure 8.3 displays the difference
in the homicide rate associated with moving trom one-half of a standard deviation below the
mein of disadvantage to one-hall of o standard deviation above the mean on disadvantage.

21, We did attempt (o re-estimate the models in Tables 8.1 and 8.2 by recalculating the dis-
advanuage index without percent Mack. and instead. eniering percent black as a separate
covariate. Our major substantive results remained intaet with this alternarive specification.
However. the Variance Inflation Figures increused dramatically—o over S in same cases Tor
the pereent black varisble—indicating severe problems with multicolinearity. Nevertheless,
the pattern of results for the other factors in the model was similar, especially for spatial

proximily.

22, The spatia! regime model is a switching regression modcel, in which the coeflicients and
constant term take on different values depending on the regine, and the coetficients of cach
regime are jointly estimuted. The mekdel alse includes o spatial lag term that does not vary
across tegimes, meaning that the spatial process is assumed w be uniform across the entire
city.
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23, Although we specily only two regimes, we recognize that the “non-black™ calcgory cn-
compasses a heterogencous grouping of neighborhods thut may be predominantly white.
predominantly Hispanic, or nuxed. It 1s possible to expand the regime specification to more
than two regimes, but further disaggregation of the non-black regime would result in very
small sample sizes—there are only 69 neighborhood clusters thai were over 75 percent white
in 1990 and onby 21 that were over 75 percent Hispanic, We thus present the more parsimo-
mious two-regime specifleation and leave for future research the question of what explains
differences aeross these two regimes. Our main interest heee is the replicability ol results in
all black areas.

24, Boih the overall Chow test for the structural siability of the regression model across the two
regimes and the coellicient-specilic Chow lests for stability across regimes reveal that there
are nwo significant differenees across regimes, This suggests that for incident-based homicide.
the regression models Tor biack and nen-black neighborhoods are not significantly different,

25, Inthis model, the Chow test for the structural stability of the regression model aeross regimes
indicutes stgnificant differences in the patterns of association across black and non-black
neiphborhoods, Coeflicient-specific Chow tesis indicate that the collective efficacy coell-
vient varies acrass regimes (p = 01 althoogh the Chow tests for ICE (p = 08 )., concen-
truted immigration (p = .09, and organizations {(p = 08) are all marginally significant.
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