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Abstract
Objectives Estimate the extent to which local variation in collective efficacy, a measure of
social cohesion and norms toward intervention among individuals, is associated with the
sub-neighborhood spatial patterning of violent crime in Columbus, OH.
Methods Using estimates of local collective efficacy derived from survey data on individuals’
perceptions of collective efficacy in the neighborhoods and at their routine activity locations
collected as part of the Adolescent Health and Development in Context Study and incident-
level, point-referenced crime data from the Ohio Incident-Based Reporting System, we fit
inhomogeneous Poisson process models.
Results We find that net of neighborhood-level collective efficacy, a one standard deviation
increase in deviation in the local collective efficacy score from the neighborhood average
local collective efficacy score is associated with a decline in the violent crime intensity by a
factor of 0.858.
Conclusions Affirming Jane Jacobs’ arguments about informal social control dynamics at
fine-grained levels, our study illustrates that collective efficacy operates and can be measured
at sub-neighborhood levels across the entirety of a city. Our findings highlight the need to
measure social processes at finer spatial scales in order to understand their effects on crime.
Future research should prioritize collecting additional fine-grained data on social processes
using individuals’ perceptions of the locations they frequent as part of their everydaymobility
patterns.
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Introduction

Nearly a century of research has considered how individuals and cities can be organized to
deter crime. Early work focused specifically on neighborhoods, finding that those with higher
rates of racial heterogeneity, residential turnover, and poverty tend to experience higher rates
of crime (Shaw et al. 1929; Shaw and McKay 1942; Park et al. 1984). Individuals within
these neighborhoods, it was proposed, are hindered in their capacity to foster the norms and
relationships necessary to regulate crime (Kornhauser 1978; Bursik and Grasmick 1993).
Consistent with these expectations, contemporary studies find that crime tends to be lowest
in neighborhoods characterized by high levels of collective efficacy, a construct capturing
the extent of social cohesion and norms toward intervention among residents (Sampson et al.
1997; Teitler and Weiss 2000; Sampson 2012).

Due to the relevance of neighborhood factors in explainingwithin-city variability in crime,
statistical analyses examining the association between social factors and crime are typically
performed at an areal unit level. That is, crime counts are summed over geographic regions
partitioning the study region (e.g., census tracts or block groups) and standard regression
models for count data are used to quantify the association between crime counts and socio-
economic characteristics of the areal unit derived from census data products or from surveys
administered to a representative sample of residents of the areal unit. For example, in one
of the most extensive data collection efforts in support of the study of neighborhoods and
crime, Peterson and Krivo obtained counts of the FBI’s crime index offenses from 1999-2001
for 9,593 census tracts in 91 cities in 64 metropolitan areas across the US, as well as socio-
economic, mortgage lending, and labor market structure data at the tract level (Peterson and
Krivo 2000, 2010).

While the neighborhood, typically operationalized as a census tract or block group, has
been the predominant geographic resolution of empirical studies of crime over the past several
decades, recent work has noted there is substantial variability in crime within neighborhoods
(Groff et al. 2010; Taylor 2015; Schnell et al. 2017). For instance, studies demonstrate that
a very small number of locations (i.e., “hot spots”) can account for the majority of crimes
in a city (Brantingham and Brantingham 1999; Weisburd et al. 2012; Schnell et al. 2017).
Moreover, crime occurrences – when considered as points in a well-defined region (e.g., a
city) occurring at precise moments in time – have been shown to resemble a contagion-like
process (Johnson 2008; Bernasco and Nieuwbeerta 2005; Tita and Ridgeway 2007). In order
to identify the location of crime hot spots and produce predictions/forecasts of future crime,
researchers have developed statistical models based on a self-exciting spatio-temporal point
process framework (Mohler et al. 2011).

Instead of using point process models for predicting the spread of crime, we return to
the cross-sectional setting where the interest is in quantifying the association between crime
occurrence and fine-scale, spatial-structured social processes. Specifically, we draw on rou-
tine activity theory and thework of Jane Jacobs to argue that collective efficacy is an inherently
spatially continuous process, and one that implicates perceptions of all individuals carrying
out routines in an area alongside those of residents—the sum of perceptions in the eyes of
potential guardians, targets, and offenders. This argument suggests that collective efficacy
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varies spatially not just as a function of variability in reports and where people live, but also
what both residents and nonresidents perceive as they move about an urban area.

We leverage point-level crime incident data for the city of Columbus, OH and point-
level reports on levels of collective efficacy at routine activity locations (including home)
provided by participants in theAdolescentHealth andDevelopment (AHDC) Study (Boettner
et al. 2019). Instead of residential-based reporting on collective efficacy, we take advantage of
themobility network of AHDC participants to measure collective efficacy at a fine resolution.
Since collective efficacy reports are not available at all locations in the study area, we generate
local collective efficacy scores using the land-use filtering method introduced by Carter
et al. (2024). We then use inhomogeneous spatial Poisson process models, with a parametric
intensity function depending on local collective efficacy and other spatially-varying factors,
to model the spatial patterning of violent crimes that occurred in the AHDC study area during
the first wave of data collection. We find a statistically significant association between within
neighborhood deviation in local collective efficacy and violent crime after accounting for
variation in neighborhood average local collective efficacy and population size, as well as
standard socio-demographic controls.

From a spatial methodology perspective, this paper illustrates how two novel sources
of point-level spatial data, crime incidences and routine activity-based collective efficacy
reports, can be used to study spatial variation in crime at a fine spatial scale. Unlike other
studies of within-neighborhood crime, our analyses are based on data collected across a large
city as opposed to small areas of cities.Our contribution also includes a discussion of the use of
land use in generating accurate local collective efficacy scores and the consequences of doing
so for confounding adjustment in downstream analyses of crime. While we do not focus on
temporal forecasting of crime here, we note that the methodology could possibly be extended
to this setting using, for example, tools developed by Reinhart and Greenhouse (2018).

Background

We begin by reviewing the literature on neighborhoods and crime with a particular focus on
the growing relevance of urban mobility in the crime and place literature. We then discuss
the implications of this mobility for both the measurement of collective efficacy and its
relation to crime at geographic scales below the neighborhood level. Finally, we discuss
research on the interplay between collective efficacy and routine activities, which motivates
the expectation that collective efficacy as perceived by resident and nonresident locals within
an area contributes to crime control among residential and nonresidential locations.

UrbanMobility and Crime

The mobility of residents and nonresidents within urban neighborhoods has long been sug-
gested to be important for understanding spatial variation in crime. For example, McKay
(1949, p. 32) conceived of the neighborhood as “the world of the child exclusive of his fam-
ily,” including routine activity locations related to family, school, work, and leisure. Likewise,
Jacobs (1961) observed that neighborhood spaces that routinely bring residents and nonresi-
dents together facilitate “casual, public contact at the local level—most of it fortuitous, most
of it associated with errands” which promotes norms about crime deterrence. True to this
conception of neighborhood safety, Sampson et al.’s (1997) foregrounding study of neigh-
borhood collective efficacy, the Project on Human Development in Chicago Neighborhoods
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(PHDCN), explicitly prompted respondents to factor routine activity locations into their col-
lective efficacy reports, stating: “By neighborhood, we mean the area around where you live
and around your house. It may include places you shop, religious or public institutions, or a
local business district. It is the general area around your house where you might perform rou-
tine tasks, such as shopping, going to the park, or visiting with neighbors” (Earls et al. 2007,
p. 3). Sampson and colleagues have also called attention to the need for data on experiences
at specific locations to comprehensively measure urban social organization. For example,
in explaining why, contrary to their hypothesis, a neighborhood-level measure of residents’
perceptions of local organizations was not associated with neighborhood crime, Morenoff
et al. (2001, p. 553) suggested that residents may not reliably be aware of the full extent of
local organizations, concluding that “independent data are needed on the number and type
of organizations, along with their geographical distributions.”

Notwithstanding this long-held relevance of routine activities and their locations, only
recently has high-resolution activity data become widely available (Browning et al. 2021).
For example, drawing on geotagged data from nearly 400,000 Twitter users across 37 cities,
Levy et al. (2020) found that neighborhood rates of poverty in the places residents go aswell as
where a neighborhood’s “outsiders” reside are associated with neighborhood homicide rates
independent of neighborhood residential poverty rates. Twitter data have also been used to
investigate how changes in the ambient population of neighborhoods are consequential for
spatial variation in crime within neighborhoods over time (Malleson and Andresen 2015;
Hipp et al. 2019). Considering evidence that Twitter data has limited reliability for capturing
ambient populations especially in primarily residential areas (Tucker et al. 2021), researchers
have used a variety of other mobility data sources such as the US Census Origin-Destination
Employment Statistics (Graif et al. 2021; Kelling et al. 2021) and various cell phone-based
data brokers (Massenkoff and Chalfin 2022; Sampson and Levy 2022) to investigate how
mobility patterns relate to spatial variation in crime.

This growing literature underscores that the structure of everyday mobility flows between
and within urban areas are essential for understanding spatial crime patterns. However,
whether differential levels of social processes long thought to arise from these mobility
flows across urban areas—such as the extent of cues of physical and social disorder, social
network ties, and collective efficacy (Jacobs 1961; Kelling andWilson 1982; Sampson 2012,
p. 371)—are consequential for crime at micro scales has not been thoroughly investigated.

UrbanMobility and the Scale of Collective Efficacy

Collective efficacy refers to the capacity of community members to work together to
solve problems (Sampson et al. 1997). It is typically measured by combining responses
to survey questions about the extent of social cohesion and willingness to intervene
among locals, which are aggregated within census-based “neighborhood” units. In their
influential test of collective efficacy theory from the PHDCN, Sampson et al. (1997) demon-
strated that neighborhood-level collective efficacy partially mediated associations between
neighborhood-level concentrated disadvantage and neighborhood violence in Chicago. In
the quarter century since, replications in cities around the world have documented evidence
that neighborhoods higher in collective efficacy experience lower crime rates (Wickes and
Lanfear 2025), and some city governments even continuously track neighborhood levels of
collective efficacy as part of their public safetymonitoring efforts (e.g. in London; Sutherland
et al. 2013).
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Significant within-neighborhood variation in both crime and individuals’ everyday mobil-
ity highlights the question of whether social processes like collective efficacy operate at
finer spatial scales. For example, Weisburd et al. (2012) suggested that collective efficacy
could be stimulated at hotspots to deter crime, while others have contended that collective
efficacy operates solely as a community-level process and that measurement of more crime-
proximate processes at the micro-level—such as the presence of criminal opportunities or
crime-prevention capacities of place managers—may be more pertinent for understanding
the spatial distribution of crime (Braga and Clarke 2014; Eck and Madensen-Herold 2018).
Despite such challenges, however, the potential for individuals routinely inhabiting an urban
setting to be valid reporters of informal control norms at locations has long been acknowl-
edged in urban research. In particular, Jacobs (1961) elaborated how trust can be fostered
at the level of sidewalks to regulate crime. Commenting on its origin, Jacobs (1961, p. 56)
stated: “The trust of a city street is formed over time from many, many little public sidewalk
contacts,“ such as when shopkeepers give advice to patrons, gossip is exchanged while wait-
ing in lines, or nighttime security is reinforced by networks of delivery workers, doormen,
and dog walkers Jacobs (1961, p. 36-36, 40-41, 56-56). The summation of these interactions,
she proposed, is an “almost unconscious assumption of general street support when the chips
are down—when a citizen has to choose, for instance, whether he will take responsibility, or
abdicate it, in combating barbarism or protecting strangers.” Hence, experiences of residents,
patrons, workers, and other locals positioned to take on place management roles are key in
efforts to comprehensively capture the social organization of urban spaces.

Aligning with Jacobs’ observations, research finds that neighborhoods characterized by
more opportunities for “public contact” tend to have higher levels of collective efficacy
(Jacobs 1961, p. 56; Browning et al. 2017b) and less crime (Browning et al. 2017a; Pinchak
et al. 2023). Beyond the neighborhood level however, Jacobs’ observations suggest that col-
lective efficacy can be fostered, expressed, and perceived by routine locals at the micro-level
(e.g., “sidewalks”). Providing initial evidence for this proposition, Weisburd et al. (2020)
found that residents near crime hot spots in Baltimore report lower levels of collective effi-
cacy and higher levels of physical disorder than those of non-hot spots. Weisburd et al.
(2021) furthermore found that collective efficacy at the street segment-level is associated
with reduced street segment-level crime. These tests are restricted to perceptions among
individuals living in small and largely residential areas, however, leaving open the question
of whether collective efficacy reports by nonresidents at specific locations across the entirety
of an urban area are also consequential for crime. This is undoubtedly due to the lack of
available data on individuals’ experiences at their routine activity locations.

Collective Efficacy, Urban Activity Locations, and Crime

Informal social control is a product of everyday interactions among locals, and these inter-
actions are heavily shaped by features of the environments where they take place. This is a
tenet of Jacobs’ The Death and Life of Great American Cities, which set in motion a diverse
array of research programs examining how features of urban settings either reinforce or dis-
rupt a host of urban social problems (Newman 1972; Jeffery 1971). Consistent with Jacobs’
expectations, studies find that many nonresidential spaces within neighborhoods can serve as
“social conduits” by increasing interaction among local residents and routine nonresidents
(Corcoran et al. 2018; Jacobs 1961). For instance, residents more commonly interact and
encounter one another in neighborhoods with more shops, cafes, recreational facilities, and
religious institutions (Lund 2003; Simões Aelbrecht 2016). Wickes et al. (2019) similarly
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find that social cohesion and trust among residents tend to be higher in neighborhoods with a
greater prevalence of “anchoring conduits,” including schools and childcare centers, libraries,
gyms and health clubs, community clubs, and religious institutions. Furthermore, Corcoran
et al. (2018) finds that the density of social conduits in a neighborhood is associated with
greater collective efficacy. These studies are largely focused on residents’ perceptions of col-
lective efficacy across the entirety of their neighborhood, however, leaving open questions
about whether nonresidents’ perceptions at such conduits contribute to collective efficacy
and their consequences at within-neighborhood resolutions.

While acknowledging the potential crime-deterrent role of such nonresidential locations,
there is also evidence that many of these increase crime. Particularly relevant in this respect is
routine activity theory, which highlights how various features of the built environment facili-
tate crime through the differential convergence of motivated offenders, potential victims, and
capable guardians (Cohen and Felson 1979; Felson andBoba 2010). Research in this tradition
finds that many different types of urban locations provide opportunities for crime (Wilcox
and Cullen 2018), such as when delinquent groups mobilize around schools (Steinberg et al.
2019), parks are used to deal drugs (Groff and McCord 2012), alcohol outlets stir fighting
(Roncek and Maier 1991; Wheeler 2019), or vacant properties signal disorder (Taylor 1988)
and are used to hide crimes (MacDonald et al. 2019). Similarly, social holes and wedges,
such as industrial areas and parks, tend to reduce neighborhood cohesion and the likelihood
that locals interact with one another (Hipp et al. 2014) and can sometimes increase crime in
nearby areas (Groff and McCord 2012; Boessen and Hipp 2018).

The potential for social control capabilities to develop at purely nonresidential locations
is well-acknowledged in the literature. In addition to Jacobs (1961)’s observations, Cook and
MacDonald (2011) found that business improvement districts – areas where businesses pay
additional tax to, among other things, increase security and reduce disorder – reduce crime in
Los Angeles. Cui et al. (2022) additionally found that a vacant lot greening initiative reduced
crime in Philadelphia, particularly when implemented near civic institutions, convenience
stores, or pharmacies as well as residential areas. Consistent with these results, studies find
that a primary way neighborhood-level collective efficacy reduces crime is by facilitating
removal of land use and built environment-related criminal opportunities, such as vacant
properties and industrial sites (Zahnow et al. 2021; Lanfear 2022). Nevertheless, whether
collective efficacy is related to reduced crime at small scales beyond what is perceived by
individuals in their immediate residential environment has yet to be investigated.

In sum, individuals’ perceptions of their routine activity settings both residential and
nonresidential have long been thought to be essential for measuring collective efficacy and
its relation to crime at fine-grained levels. Innovative sampling strategies offer evidence that
residents’ perceptions of collective efficacy are associated with reduced crime at the level of
street segments (Weisburd et al. 2020), but the extent and consequences of collective efficacy
across the entirety of an urban area has yet to be captured. Here we do so with perceptions
of collective efficacy reported at routine activity locations by a representative sample of
participants in the AHDC study. Specifically, these point-level data are used to measure
collective efficacy as a spatially continuous process across all of Columbus, OH and consider
whether within-neighborhood, point-level variation in collective efficacy is associated with
point-level variation in violent crime. In an exploratory analysis, we also consider whether
this within-neighborhood association of collective efficacy varies by areas designated as
residential, commercial, and “other”.
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Data

Adolescent Health and Development in Context Study

The AHDC Study is a longitudinal study of a representative sample of households designed
to better understand the multiple contexts to which youth are exposed as they go about their
daily routines and the consequences of these exposures for health and wellbeing. The study
was conducted in the Columbus, OH metropolitan area.1

Ourmeasure of local collective efficacy is derived from data collected as part of theAHDC
Study. Participants in this longitudinal study are a representative sample of youth aged 11-17
and their primary caregivers who resided within the I-270 belt loop surrounding the city
of Columbus, OH. We use reports caregivers provided about their routine activity locations
during Wave 1 of the study (2014-2016). For each activity location, caregivers reported the
location type (e.g. home, kid’s school, friends’ and relatives’ houses, work, grocery stores,
etc.) and when they typically spend time at the location (e.g. daytime, nighttime, weekdays,
weekends). They also answered several questions about their impressions of the social climate
at these locations.

Collective Efficacy Location Reports

Our measure of local collective efficacy was derived from 9,526 responses provided by 1,369
AHDCWave 1 caregivers to at least one of three social climate questions (with 5,436 of the
9,526 including answers to all three questions) – corresponding to the informal social control
(“defense"), social cohesion (“trust"), and monitoring (“observation") components of collec-
tive efficacy – at their routine activity locations2, ofwhich 4,526were unique. These questions
were posed as statements to which the caregiver rated agreement on a five-point Likert scale:
If someone was being threatened near [location], other people around would come to their
defense. You can trust people on the streets in the area near [location]. There are usually peo-
ple watching what’s happening in the area near [location]. The response options to the first
two statements were “strongly agree," “agree," “neither agree nor disagree," “disagree," and
“strongly disagree," while the response options to the last statement were “never," “almost
never," “sometimes," “fairly often" and "very often." These response categories were coded
such that 1 corresponded to the least affirmative value (never or strongly disagree) and 5 the
most affirmative value (very often and strongly agree) for all three components. We refer to
the responses to these questions and their corresponding latent spatial processes, respectively,
as “defense," “trust," and “observation."While location ratings outside of the study area were
provided, we restrict our analysis to the responses from 4,526 unique locations within the
I-270 belt loop. Of the 1,369 caregivers in the data set, the number of reports by a single
caregiver ranged from 1 to 27, with an average of 6.8 reports. For more details on the AHDC
collective efficacy reports, see Carter et al. (2024).

1 As of 2018, Columbus is the 14th largest city in the US by population, with city and metro area populations
of approximately 900K and 2.1M, respectively.
2 AHDC caregivers were asked to provide four street intersections or landmarks they “think of as the bound-
aries of [their] neighborhood” (Pinchak et al. 2021). To align with the routine activity location reports, we
index these neighborhood reports in the land-use filtering model to respondents’ home addresses.
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Neighborhood Controls

In our statistical analyses, we control for several neighborhood-level variables known to be
associated with both collective efficacy and crime. These controls are based on the U.S.
Census Bureau’s American Community Survey (ACS) estimates encompassing the five year
period preceding the start of AHDCWave 1 data collection and are at the census block group
level following Pinchak et al. (2023). The neighborhood control variables are: percentage
young males, the number of resident males between the ages of 15–24 divided by the total
population in the block group;percentage of the population that identifies asBlack, residential
instability, a standardized scale of the proportion of residents ages 5 and older who moved
in the past 5 years and the proportion of occupied housing units that are renting; and socio-
economic status (SES), the average of six block-group standardized variables including the
proportion of residents with a college degree, the proportion of residents in a professional
occupation, the proportion of households with at least $50,000 in annual income, the reverse
coded proportion of residents in poverty, the proportion of households that are female headed,
and the proportion of residents ages 16–64 who are unemployed.

Crime Data

Incident-level, point-referenced crime data was obtained from the Ohio Incident-Based
Reporting System (OIBRS) for Franklin County, OH for the period 2014-2016. For the
analyses presented in this paper, we focus on violent crimes (robbery, homicide, aggravated
assault, and rape) occurring in the AHDC study area. Our analyses are based on the loca-
tions of 11,778 violent crimes, including 4,117 assaults, 241 homicides, 1,758 rapes, and
5,662 robberies. The latitude/longitude coordinates (in the EPSG:3857 projection coordinate
system) of the crime locations are shown in the left panel of Fig. 1.

Fig. 1 Left: 2014-2016 violent crimes occurring within the AHDC study area. Right: Derived local collective
efficacy. Black lines denote block group boundaries
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Methods

Local Collective Efficacy Scores

For each component of collective efficacy (“defense," “trust," and “observation"), indexed
respectively by � = 1, 2, 3, each AHDC caregiver provided a rating on a five-point ordinal
scale, where a rating of 1 is the “worst" and a rating of K ≡ 5 is “best," for each of their
routine locations. Following Carter et al. (2024), we define notation that indexes the local
collective efficacy reports by location, not by the caregiver providing them. We let si ∈ A
denote the i th location in the AHDC study area, where i = 1, . . . ,m, and Yi j� denote the
j , j = 1, . . . , ni , rating of the i th location on the � collective efficacy component. Thus,
the complete set of collective efficacy component ratings are denoted by Y = {Yi j� : i =
1, . . . ,m; j = 1, . . . ni ; � = 1, . . . , 3}.

As in Carter et al. (2024), we specify a spatial statistical model for Y using a well-
known Bayesian specification of a probit model for ordinal data. Specifically, we introduce
continuous latent variables Z∗

i j� and assume that

Yi j� =

⎧
⎪⎨

⎪⎩

K if γK−1,� < Z∗
i j�

k if γk−1,� < Z∗
i j� < γk�, for k = 2, . . . , K − 1

1 if Z∗
i j� < γ1�

.

We then assume that the Z∗
i j�s are conditionally independent given the value of another latent

spatial process at location si�, denoted Z̃�(si )). Importantly, the process Z̃�(s) is well defined
for all s ∈ A, so we can generate predictions across the entire study area.

Our specification of a model for Z̃�(s) is motivated and detailed in Carter et al. (2024).
Briefly, the model allows for nonstationarity in the latent process using a technique that we
refer to as “land-use filtering." This technique allows the mean, variance, and strength of
spatial dependence of the spatial process to depend on the land-use categorization of parcels
– “residential, “nonresidential," and “other" – as assigned in taxation records obtained from
the Franklin County Auditor’s website. Carter et al. (2024) provides empirical support for
leveraging spatial variation in land use to spatially smooth the collective efficacy reports
across the study region in the form of exploratory analyses and model comparison, but does
not argue about the direction of a causal relationship between the two.

Conditioning on themaximum a posteriori (aMAP) estimates of the corresponding param-
eters in an approximation to the land-use filtering model (see Section 3.5.2 of Carter et al.
(2024)), we generate predictions of each local collective efficacy component Z̃�(s), denotedˆ̃Z�(s), on a fine, regular grid of points covering the study region, with points indexed by
G = {u1, . . . ,uG}, where all ug ∈ A and G = 11, 387. Points on the prediction grid are
approximately 5 meters apart, which was chosen to ensure predictions were available at a
finer resolution than one might expect any meaningful variation in collective efficacy. For
each grid point, g, we calculate

Ẑ(ug) = 1

3

3∑

�=1

ˆ̃Z�(ug),

averaging over the three components of collective efficacy. We then compute standardized
predictions, Ẑ std(ug), of collective efficacy by subtracting the mean and then dividing by
the standard deviation of the collective efficacy predictions over all g ∈ G. The values of
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Ẑ std(ug) are shown in right panel of Fig. 1, and we refer to them as the local collective
efficacy (LCE) scores.

Neighborhood and Deviation Local Collective Efficacy Scores

Unlike our LCE scores, collective efficacy has been traditionally operationalized at an aerial
resolution coinciding with a particular census geography. For example, PHDCN participants’
neighborhood collective efficacy reports were aggregated within “neighborhood clusters”
(groups of contiguous, homogeneous census tracts).

For our crime analyses in Section “Spatial Poisson Regression Models”, we define two
additional quantities using the local collective efficacy scores. First, we define the block-group
average local collective efficacy score for block group m as

Xlce
m = 1

|{ug : ug ∈ Am}|
∑

ug∈Am

Ẑ std(ug),

where Am ⊂ A denotes the mth block group contained in the study area A and |{ug : ug ∈
Am}| denotes the number of points in G contained in Am . Unlike our block-group average
LCE scores, traditional areal-level measures of collective efficacy are obtained using multi-
level models. In this setting, individual-level reports on neighborhood collective efficacy are
nested within areal units (e.g., census geographies) treated as surrogates for neighborhoods.
On the other hand, our land-use filtering approach has already accounted for the structure of
the location reports, so we simply average LCE scores to create a block-group average.

Finally, we define the deviation local collective efficacy (�LCE) score as the difference
between the LCE score at grid point g and the�LCE for the block group containing ug . That
is, the deviation local collective efficacy score is

X�lce(ug) = Ẑ std(ug) − Xlce
b(ug),

where the function b(s) returns the index of the block group containing a point s ∈ A.

Spatial Poisson RegressionModels

To model the relationship between the locations of crime and our derived local collective
efficacy measure, we use a statistical model based on an inhomogeneous Poisson point
process (PPP; Diggle 2013), which is sometimes referred to as a nonhomogeneous PPP. The
inhomogeneous PPP on a spatial domain A ⊂ R

2 is characterized by an intensity function
λ : R2 → [0,∞), such that the integral of λ over all subsets of A, B ⊆ A, is finite,

�(B) =
∫

B
λ(s)d(s) < ∞,

and

Pr(N (B) = ni ; i = 1, . . . , k) =
k∏

i=1

(�(B))ni

ni ! exp (�(B)) ,

where N (B) is the number of points contained in B. It follows that �(B) = E [N (B)].
Letting A denote the AHDC study area, we specify the log intensity function as:

Model 1: log (λ(s)) = β0 + β pop X pop
b(s) + βcXc

b(s)

Model 2: log (λ(s)) = β0 + β pop X pop
b(s) + βcXc

b(s) + βlce Xlce( f (s))

123

398



Journal of Quantitative Criminology (2026) 42:389–409

Model 3: log (λ(s)) = β0 + β pop X pop
b(s) + βcXc

b(s) + βlce Xlce
b(s)

Model 4: log (λ(s)) = β0 + β popXpop
b(s) + βc Xc

b(s) + βlce Xlce
b(s) + β�lce X�lce( f (s)),

where X pop
b(s) is the total population size of the block group containing location s, Xc

b(s) is a
vector of values of the standardized control variables (see Section “Neighborhood Controls”)
for the block group containing location s, Xlce( f (s)) is the standardized predictive collective
efficacy score for the grid cell closest to the location s, Xlce

b(s) is the average local collective

efficacy score for the block group containing location s, and Xlce( f (s)) is the deviation local
collective efficacy score at the grid cell closest to location s. To facilitate interpretation of the
β parameters, total population, the block-group controls, and local collective efficacy have
been standardize to have mean zero and variance one prior to analysis.

Our inferences provided in the next section focus on the βs. To find the maximum like-
lihood estimates (MLEs) of model parameters we use the ppm function contained in the
spatstat package for R (Baddeley et al. 2015). This function returns maximum like-
lihood inferences on model parameters using the Berman-Turner algorithm (Berman and
Turner 1992). Holding parameters fixed at their MLEs, we can also estimate the log intensity
surface of crime over the study area.

Results

Table 1 provides a summary of the estimated regression coefficients in the four trend models
listed in Section “Spatial Poisson Regression Models”, along with corresponding standard
errors. P-values corresponding to one-at-a-time Wald-type hypothesis tests of the true coef-
ficients being equal to zero are also given.

Focusing onModel 4 for illustration, β̂0 = 2.428 implies we expect exp(2.428) = 11.336
violent crimes per square kilometer in a three-year period when all covariates are set equal to
zero (which is their mean since the variables are standardized). Similarly, for a one standard
deviation increase in SES, we expect violent crime to decline by a factor of exp(−0.209) =
0.811.

Moving from Model 1 to Model 2, we see that LCE is negatively associated with crime
intensity after adjusting for the controls. Aggregating the LCE predictor to the block-group,
Model 3 confirms our expectation that the negative association between collective efficacy
and log crime intensity holds at this resolution, consistent with expectations in the literature.
Comparing Models 2 and 3 to Model 1, we see that including the point level or block-group
level collective efficacy in the model affects the relationship between the controls and log
crime intensity. For example, the magnitude of the SES coefficient declines by about one-
third/two-thirds for Models 2 and 3, respectively, and the percent Black coefficient is no
longer statistically significant. The block-group average local collective efficacy coefficient,
however, is statistically significant which implies that for a one-unit increase in block-group
average local collective efficacy, the violent crime rate is expected to decrease by a factor of
exp(−0.810) = 0.445, holding all other covariates at their mean. From the Model 4 results,
we see that a one standard deviation increase in the deviation local collective efficacy score is
associated with a decline in the violent crime intensity by a factor of exp(−0.153) = 0.858.

Based on the AIC criteria, we find that Model 4 best fits the data. As a check of model
fit, we plot the fitted log intensity function of crime over the AHDC study area in Fig. 2,
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Table 1 Estimated coefficients from the fitted inhomogeneous Poisson process models with different trends
specifications listed in Section “Spatial Poisson Regression Models”

Model 1 Model 2 Model 3 Model 4

Intercept 2.952*** 2.652*** 2.424*** 2.428***

(0.029) (0.030) (0.031) (0.031)

Total Population −0.570*** −0.403*** −0.269*** −0.272***

(0.018) (0.018) (0.018) (0.018)

% Young Male 1.335*** 1.605*** 1.737*** 1.745***

(0.140) (0.140) (0.140) (0.140)

% Black 0.235*** 0.037 −0.042 −0.049

(0.038) (0.038) (0.038) (0.038)

Residential Instability 0.085*** 0.112*** 0.136*** 0.135***

(0.010) (0.010) (0.010) (0.010)

SES −0.652*** −0.399*** −0.205*** −0.209***

(0.013) (0.014) (0.016) (0.016)

Local Collective Efficacy -0.468***

(0.009)

BG Average Collective Efficacy −0.810*** −0.800***

(0.014) (0.014)

� Local Collective Efficacy −0.153***

(0.014)

AIC −47, 295.0 −49, 457.7 −50, 282.4 −50, 390.0

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

with the violent crime counts shown in red. From this figure, we can see that variation in the
estimated log intensity function shows considerable correspondence to the spatial patterning
of crime location.

Finally, we note three limitations of our analysis. First, we do not account for the uncer-
tainty in the LCE scores in our crime analysis. To the best of our knowledge, analytic methods
for accounting for covariate measurement error in spatial point process models do not yet
exist. While a multiple imputation (Monte Carlo) approach could be explored if uncertainty
estimates associated with the scores were available, the approximate inference approach
employed only returns point estimates. A second limitation is that ourmodel does not account
for spatial clustering (inhomogeneity) in crime not explained by covariates. While in theory
it is possible to allow for such clustering via specification of a log-Gaussian point process
within the spatstat package, the size of our data set made fitting such models infeasible.
Lastly, we do not adjust for land use in our model for the log intensity function, log(λ(s)). If
land use in fact confounds the relationship between LCE and crime – that is, it has an effect
on the log intensity independent of LCE – then failing to adjust for it will lead to biased
estimates of the effect of LCE. On the other hand, statistical adjustment for confounding
undoubtedly introduces a new source of bias, one that we refer to as artificial collinearity.
In the following section, we explore this issue in more detail.
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Fig. 2 Model 4 estimated log intensity of crime over the AHDC study area. Black lines denote block group
boundaries. Red dots are locations of violent crimes

Supplementary Exploratory Analyses of LCE, Land Use, and Crime

With nearly 10,000 collective efficacy reports, the AHDC Study provides unprecedented
measurement of collective efficacy across an urban area. However, the spatially-referenced
collective efficacy reports are not uniformly distributed across the study area. Instead, they
reflect the day-to-day mobility of a representative sample of individuals. Naturally, the num-
ber of collective efficacy reports is higher in areas with popular destinations and where
residential density is greater. The land-use filtering methodology used to obtain the local
collective efficacy scores is well suited to accommodate the non-uniformity of the reports.
In regions of the city with dense, consistent reports, the LCE predictions from the model
are driven by nearby reports, a feature of the Carter et al. (2024) model. In other areas with
sparse reports, land use, as a spatially-referenced covariate, more heavily drives the LCE
predictions. An assessment of the “value” of the land-use filtering methodology in terms
of predictive accuracy is explored in Section 4.2 of Carter et al. (2024). Comparisons to a
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simpler model (i.e., one with a stationary covariance structure) indicate that the land-use
filtering methodology has superior predictive accuracy.3

We can view the LCE scores as noisy estimates of an unobservable “true” social construct
that varies over space. Importantly, the scores are likely to be more correlated with land use
than the “true” LCE process, a consequence of the land-use-driven spatial smoothing used to
obtain them. Thus, a purely statistical limitation of ourmethodology for obtaining LCE scores
is that we may introduce artificial collinearity in any downstream analyses where collective
efficacy and land use are considered fixed and known (i.e., as independent variables). By
“artificial," we emphasize that this is a source of additional collinearity that would not exist
if we had perfect measurement of LCE. This artificial collinearity complicates downstream
empirical analyses of crime involving both LCE (or �LCE) and land use as covariates (e.g.,
to adjust for confounding). For example, consider an extension of Model 4 (say, Model 5) in
which land use, as a categorical variable, is also included in trend. Standard interpretations
of the of results may not be valid due to bias in the estimate of the effect of �LCE scores
resulting from artificial collinearity induced by using land use to improve predictions of
�LCE. Beyond collecting more, and spatially-denser, collective efficacy ratings across the
study region, a costly and time-intensive endeavor, there is not a statistical solution to address
this trade-off between the accuracy of the �LCE scores and the potential bias in the crime
analysis. That is, using land-use to predict collective efficacy appears to be beneficial in
terms of improving predictive accuracy of the LCE scores, but comes at the potential cost of
increased bias in the �LCE score coefficient in the crime model.

With this disclaimer in mind and given the strong substantive interest in criminology
about the role of land use in explaining the spatial patterning of crime, we present additional,
exploratory analyses in Table 2. Model 5 extends Model 4 in Table 1 to include land-use as
a categorical/factor variable in the log intensity function model, coded with “residential" as
the baseline category. In addition, Model 6 includes the interaction between �LCE scores
and land-use category. From Table 2, we see that the effect of �LCE remains statistically
significant (Model 5) and is stronger (more negative) in nonresidential areas (Model 6).

To lend credibility to our exploratory analyses, we performed the following supplementary
analysis. First,we identified block groups in theAHDCStudy areawith fewcollective efficacy
reports, where somewhat arbitrarily “few" is defined to be less than two. The 91 census block
groups (out of 615) that meet this criteria cover approximately 11 percent of the full study
area. The LCE scores from the land-use filteringmodel over these block groups will be driven
primarily by the spatial variation in land use due to the limited number of collective efficacy
reports. Intuitively, there is no way to empirically assess whether the LCE scores, or the
�LCE scores, in these areas are artificially collinear with land use in a downstream analysis
of crime.

On the other hand, for the subregion of the AHDC study area consisting of block groups
with two or more collective efficacy reports, we have an opportunity to explore the extent to
which artificial collinearitymay be in fact a concern in a downstream crime data analysis with
land use in the trend. Using only the collective efficacy reports from this “densely observed”
subregion,we refitted the land-use filteringmodel (“originalmodel”) and an alternativemodel
(“global-intercept model”) in which land use is not included in the mean trend, but remains
in the second-order components of the model to capture nonstationarity in the strength of
spatial dependence and variance. Due to the complex, non-linear ways in which land-use
drives the LCE predictions in the global intercept model, we expect artificial collinearity

3 Comparisons are based on the Widely Applicable Information Criterion (WAIC), which is asymptotically
equivalent to the cross validation loss (Watanabe 2010).
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Table 2 Estimated coefficients from the exploratorymodels described in Section “Supplementary Exploratory
Analyses of LCE, Land Use, and Crime”

Model 5 Model 6

Intercept 2.627*** 2.627***

(0.031) (0.031)

Total Population −0.251*** −0.250***

(0.018) (0.018)

% Young Male 1.268*** 1.253***

(0.140) (0.140)

% Black −0.064+ −0.060

(0.039) (0.039)

Residential Instability 0.168*** 0.172***

(0.011) (0.011)

SES −0.293*** −0.290***

(0.016) (0.016)

BG Average Collective Efficacy −0.704*** −0.705***

(0.015) (0.015)

� Local Collective Efficacy −0.144*** −0.084***

(0.014) (0.016)

Land Use (Nonresidential) −0.198*** −0.215***

(0.021) (0.021)

Land Use (Other) −1.214*** −1.219***

(0.041) (0.041)

�LCE * LU (Nonresidential) −0.246***

(0.032)

�LCE * LU (Other) −0.012

(0.092)

AIC −51, 588.3 −51, 641.5

+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

to be less of an issue if scores from this model were used in a downstream crime analyses
with land use as a control. (As an aside, note that we actually would not want to use these
global-intercept-model scores because the original model has better predictive accuracy: the
root mean squared error (RMSE) for the global intercept model is 0.745 compared to 0.640
for the original model.) Instead, we compare the original model �LCE scores to the global
intercept model scores as an artificial-collinearity diagnostic. A higher correlation indicates
that artificial collinearity is less of a concern in downstream crime analyses with land use as a
control. On the other hand, a low correlation would not allow us to rule out the possibility that
artifical collinearity is biasing downstream inferences. Lastly, we note that there is an inherent
trade-off to consider in our diagnostic approach. It is unlikely that we would observe both a
high correlation between the two sets of scores and a substantial improvement in predictive
accuracy over the global-intercept model. That is, ideally there is a high, but not too high
(i.e., “perfect"), correlation between between the two sets of scores.

Figure 3 compares the �LCE scores from the global intercept model to those from the
original model on fine grid over the subregion consisting of two or more collective efficacy
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Fig. 3 Deviation local collective efficacy scores from the original model and the global-intercept model by
land-use category

reports (i.e., the “densely observed" area). The overall (across all three land use categories)
correlation between the global-intercept model and original model scores is 0.50. The corre-
lation for scores in residential areas is .54, similar to the overall correlation. The correlation
is higher for the scores in nonresidential areas, 0.71, but only -0.07 in ‘other’ areas.

Unfortunately, we do not observe a particularly high overall correlation meaning that we
cannot rule out artificial collinearity biasing our estimate of �LCE coefficients. However,
within nonresidential areas, the high correlation between the deviation LCE scores suggest
that perhaps the �LCE/land-use interactions involving nonresidential land use in Model 5
might be cautiously interpretable.

Discussion

The concept of collective efficacy has proven to be an important contribution to understand-
ing the community-level processes explaining spatial inequality in urban crime rates. The
initial and highly significant findings stemming from the Project on Human Development
in Chicago Neighborhoods (PHDCN) arguably constitute an apex of research and data col-
lection quality and innovation in this area. Despite the compelling evidence of beneficial
collective efficacy influence on crime emerging from the PHDCN project, few subsequent
studies have extended measurement efforts in the nearly three decades since the publication
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of Sampson and colleagues critical findings (1997); although see O’Brien (2018) for a novel
measurement strategy employing 311 call data from Boston.

At least three limitations characterize the now conventional approach to measuring collec-
tive efficacy as developed by Sampson and colleagues. First, the well-known “neighborhood
cluster” approach to operationalizing residential neighborhoods employed in the PHDCN
combines 2-3 census tracts maximizing internal demographic homogeneity and following
significant ecological boundarieswhere possible. Questions about collective efficacy directed
to PHDCN respondents, however, used the neighborhood definition previously cited in Sec-
tion “Urban Mobility and Crime” which includes only vague guidance on the geographic
area to be reported on. Nevertheless, responses of residents within neighborhood clusters
were aggregated to the boundaries of the cluster, introducing uncertainty as to the geo-
graphic validity of collective efficacy reports.4 Second, the aggregation procedure constrains
collective efficacy to vary across neighborhood clusters (or tracts in some applications), pre-
cluding identification of within-cluster variation. Recent efforts have attempted to identify
local variability in collective efficacy through dense sampling of small areas such as urban
blocks (Weisburd et al. 2020, 2021) . Although this approach has yielded evidence of within-
neighborhood variability in collective efficacy, its focus on residential areas and reporters
highlights a third, critical set of concerns regarding extent approaches: (1) a lack of attention
to mobility-induced nonresident presence in urban areas and the importance of “outsiders”
in shaping the potential for collective control of crime, and (2) a neglect of collective efficacy
measurement in commercial areas (which nonresidents routinely inhabit).

We draw on data from the Adolescent Health and Development in Context to describe
and apply a measurement strategy that addresses these concerns while also offering a more
cost-efficient approach than that introduced in the original PHDCN. Specifically, we col-
lect multiple collective efficacy ratings of routine activity locations (including home) from
a smaller sample of urban residents and capitalize on the location-level rating data to gener-
ate spatially continuous collective efficacy estimates varying at the point level. We employ
local collective efficacy predictions derived from a Bayesian land use filtering approach that
smooths collective efficacy reports, differentiating spatial dependency processes by land use
type. This strategy acknowledges emerging evidence of potentially distinct informal social
control processes by land-use type (Wickes et al. 2019; Corcoran et al. 2018) and the corre-
sponding need for a more spatially targeted power-borrowing strategy for spatial processes
that are heterogeneous in terms of the strength of spatial dependence and variability. In turn,
continuous, fine scale predictions of collective efficacy allow us to address the question of
within-neighborhood association between local collective efficacy and violence for a large
urban area (as opposed to a selection of densely sampled micro-neighborhoods).

Point-level data on collective efficacy provide an opportunity to model effects on address-
based estimates of violence (often available in administrative data on crime) using a point
process framework. As noted, the now-established spatial concentration of crime within
neighborhoods necessitates a better understanding of the social processes that may account
for this within-neighborhood variability. Using an inhomogeneous Poisson point process
model, we examine the association of local collective efficacy with violence independent
of the effects of block group level collective efficacy. Our findings offer evidence of both
negative associations of collective efficacy with violence at the block group level (consistent
with decades of research) but at the point level (adjusting block group collective efficacy) as

4 Note that the strategy employed here also incorporates a rating of “neighborhood” as a distinct location
among the set of routine locations considered. Although the same concerns apply, the rating is treated as
describing a point (location of residence) rather than an areal unit and offers significantly less influence on the
overall predicted values of the collective efficacy dimensions.
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well. These results demonstrate the importance of ongoing research on the protective effects
of collective efficacy and the determinants of location-level variation in this critical urban
social process.

Finally, in exploratory models, we estimated coefficients for collective efficacy associa-
tions with violence by land-use type. These models should be considered highly exploratory
but nevertheless highlight both the potential of our data collection and modeling approach
to shed light on the within-neighborhood complexity of collective efficacy effects while also
cautioning analysts to be sensitive to the impact of choices regarding covariates in the model
for collective efficacy predictions.

In a research environment shifting toward the use of “Big Data” resources to proxy impor-
tant social processes, we encourage researchers to consider original data collection using
survey methods explicitly asking about these processes not just in home neighborhoods, but
also in individuals’ routine mobility patterns. Such an approach – while by no means cost
free – can be implemented in cost-effective ways to engender spatially fine-grained estimates
of social processes (including, but beyond collective efficacy, such as physical and social
disorder). Moreover, the emerging use of ecological momentary assessment (short surveys
typically answered on a smartphone capturing aspects of the spatial environment in situ) to
measure the dynamic nature of urban environments constitutes an important direction for
research on social climates (Wickes et al. 2024; Cornwell and Goldman 2020). The Bayesian
land use filtering approach applied here demonstrates the importance of capturing nuanced
spatial dependence processes in generating estimates of these processes. These innovations
hold the potential to substantially reinvigorate the measurement of urban social climate and
its role in urban spatial inequality.

Funding TheAdolescentHealth andDevelopment inContext study (AHDC) is fundedby theNational Institute
on Drug Abuse (Browning, R01DA032371); the Eunice Kennedy Shriver National Institute on Child Health
and Human Development (Calder, R01HD088545; Browning, R01HD113259; the Ohio State University
Institute for Population Research, P2CHD058484; the University of Texas at Austin Population Research
Center, P2CHD042849), and the W.T. Grant Foundation. The funders were not involved in the preparation of
this manuscript or its analyses.

Declarations

Ethical Approval This study was approved by the Social and Behavioral Sciences Institutional Review Board
at The Ohio State University. Informed consent and parental permission of all participants, where appropriate,
was obtained prior to data collection.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence,
and indicate if changes were made. The images or other third party material in this article are included in the
article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is
not included in the article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder.
To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Baddeley A, Rubak E, Turner R (2015) Spatial point patterns: methodology and applications with R. Chapman
and Hall/CRC Press, London

123

406

http://creativecommons.org/licenses/by/4.0/


Journal of Quantitative Criminology (2026) 42:389–409

Berman M, Turner TR (1992) Approximating point process likelihoods with GLIM. J R Stat Soc Ser C Appl
Stat 41(1):31–38

Bernasco W, Nieuwbeerta P (2005) How do residential burglars select target areas?: a new approach to the
analysis of criminal location choice. Br J Criminol 45(3):296–315

Boessen A, Hipp JR (2018) Parks as crime inhibitors or generators: examining parks and the role of their
nearby context. Soc Sci Res 76:186–201

Boettner B, Browning CR, Calder CA (2019) Feasibility and validity of geographically explicit ecological
momentary assessment with recall-aided space-time budgets. J Res Adolesc 29(3):627–645

Braga AA, Clarke RV (2014) Explaining high-risk concentrations of crime in the city: social disorganization,
crime opportunities, and important next steps. J Res Crime Delinq 51(4):480–498

Brantingham PL, Brantingham PJ (1999) A theoretical model of crime hot spot generation. Stud Crime Crime
Prev 8(1):7–26

Browning CR, Calder CA, Boettner B, Smith AL (2017) Ecological networks and urban crime: the struc-
ture of shared routine activity locations and neighborhood-level informal control capacity. Criminology
55(4):754–778

Browning CR, Calder CA, Soller B, Jackson AL, Dirlam J (2017) Ecological networks and neighborhood
social organization. Am J Sociol 122(6):1939–1988

Browning CR, Pinchak NP, Calder CA (2021) Human mobility and crime: theoretical approaches and novel
data collection strategies. Ann Rev Criminol 4(1):99–123

Bursik R, Grasmick HG (1993) Neighborhoods and crime: the dimensions of effective community control.
Lexington Books

Carter JB, Browning CR, Boettner B, PinchakN, Calder CA (2024) Land-use filtering for nonstationary spatial
prediction of collective efficacy in an urban environment. Ann Appl Stat 18(1):794–818

Cohen LE, Felson M (1979) Social change and crime rate trends: a routine activity approach. Am Sociol Rev
44(4):588–608

Cook PJ, MacDonald J (2011) Public safety through private action: an economic assessment of bids. Econ J
121(552):445–462

Corcoran J, Zahnow R, Wickes R, Hipp J (2018) Neighbourhood land use features, collective efficacy and
local civic actions. Urban Stud 55(11):2372–2390

Cornwell EY, Goldman AW (2020) Neighborhood disorder and distress in real time: evidence from a
smartphone-based study of older adults. J Health Soc Behav 61(4):523–541

Cui J, Jensen ST, MacDonald J (2022) The effects of vacant lot greening and the impact of land use and
business presence on crime. Environ Plan B Urban Anal City Sci 49(3):1147–1158

Diggle PJ (2013) Statistical analysis of spatial and spatio-temporal point patterns, 3rd edn. Chapman and
Hall/CRC, New York

Earls FJ, Brooks-Gunn J. Raudenbush SW, Sampson RJ (2007). Project on human development in Chicago
neighborhoods: community survey, 1994-1995. Inter-university Consortium for Political and Social
Research (ICPSR) [distributor]. https://doi.org/10.3886/ICPSR02766

Eck JE, Madensen-Herold TD (2018) Place management, guardianship, and the establishment of order. In:
Deterrence, choice, and crime, Vol 23. Routledge, pp 269–307

Felson M, Boba R (2010) Crime and everyday life, 4th edn. SAGE Publications, Thousand Oaks, California
Graif C, Freelin BN, Kuo Y-H, Wang H, Li Z, Kifer D (2021) Network spillovers and neighborhood crime: a

computational statistics analysis of employment-based networks of neighborhoods. Justice Q 38(2):344–
374

Groff E, McCord ES (2012) The role of neighborhood parks as crime generators. Secur J 25(1):1–24
Groff ER, Weisburd D, Yang S-M (2010) Is it important to examine crime trends at a local “micro” level?: a

longitudinal analysis of street to street variability in crime trajectories. J Quant Criminol 26(1):7–32
Hipp JR, Corcoran J, Wickes R, Li T (2014) Examining the social porosity of environmental features on

neighborhood sociability and attachment. PLoS ONE 9(1):e84544
Hipp JR, Bates C, Lichman M, Smyth P (2019) Using social media to measure temporal ambient population:

does it help explain local crime rates? Justice Q 36(4):718–748
Jacobs J (1961) The death and life of great American cities. Random House, New York
Jeffery CR (1971) Crime prevention through environmental design. SAGE Publications
Johnson SD (2008) Repeat burglary victimisation: a tale of two theories. J Exp Criminol 4(3):215–240
Kelling JQ, Wilson GL (1982) Broken windows. The Atlantic Monthly, pp 29–38
Kelling C, Graif C, Korkmaz G, HaranM (2021) Modeling the social and spatial proximity of crime: domestic

and sexual violence across neighborhoods. J Quant Criminol 37(2):481–516
Kornhauser RR (1978) Social sources of delinquency: an appraisal of analytic models. University of Chicago

Press
Lanfear CC (2022) Collective efficacy and the built environment. Criminology 60(2):370–396

123

407

https://doi.org/10.3886/ICPSR02766


Journal of Quantitative Criminology (2026) 42:389–409

Levy BL, Phillips NE, Sampson RJ (2020) Triple disadvantage: neighborhood networks of everyday urban
mobility and violence in U.S. cities. Am Soc Rev 85(6):925–956

Lund H (2003) Testing the claims of new urbanism: local access, pedestrian travel, and neighboring behaviors.
J Am Plann Assoc 69(4):414–429

MacDonald J, BranasC, StokesR (2019)Changing places: the science and art of newurban planning. Princeton
University Press

Malleson N, Andresen MA (2015) The impact of using social media data in crime rate calculations: shifting
hot spots and changing spatial patterns. Cartogr Geogr Inf Sci 42(2):112–121

Massenkoff M, Chalfin A (2022) Activity-adjusted crime rates show that public safety worsened in 2020. Proc
Natl Acad Sci 119(46):e2208598119

McKay HD (1949) The neighborhood and child conduct. Ann Am Acad Pol Soc Sci 261(1):32–41
Mohler GO, Short MB, Brantingham PJ, Schoenberg FP, Tita GE (2011) Self-exciting point process modeling

of crime. J Am Stat Assoc 106(493):100–108
Morenoff JD, Sampson RJ, Raudenbush SW (2001) Neighborhood inequality, collective efficacy, and the

spatial dynamics of urban violence. Criminology 39(3):517–558
Newman O (1972) Defensible space; crime prevention through urban design. Macmillan
O’Brien DT (2018) The Urban commons: how data and technology can rebuild our communities. Harvard

University Press
Park RE, Burgess EW, McKenzie RD (1984) The City. University of Chicago Press
Peterson RD, Krivo LJ (2000) National Neighborhood Crime Study (NNCS). Inter–university Consortium for

Political and Social Research [distributor]. https://doi.org/10.3886/ICPSR27501.v1
Peterson RD, Krivo LJ (2010) Divergent social worlds: neighborhood crime and the racial-spatial divide.

Russell Sage Foundation
Pinchak NP, Browning CR, Calder CA, Boettner B (2021) Activity locations, residential segregation and the

significance of residential neighbourhood boundary perceptions. Urban Stud 58(13):2758–2781
Pinchak NP, Browning CR, Boettner B, Calder CA, Tarrence J (2023) Paws on the street: neighborhood-level

concentration of households with dogs and urban crime. Soc Forces 101(4):1888–1917
Reinhart A, Greenhouse J (2018) Self-exciting point processes with spatial covariates: modelling the dynamics

of crime. J R Stat Soc Ser C Appl Stat 67(5):1305–1329
Roncek DW, Maier PA (1991) Bars, blocks, and crimes revisited: linking the theory of routine activities to the

empiricism of “hot spots". Criminology 29(4):725–753
Sampson RJ (2012) Great American City: Chicago and the enduring neighborhood effect. University of

Chicago Press
Sampson RJ, Levy BL (2022) The enduring neighborhood effect, everyday urban mobility, and violence in

Chicago. U Chi L Rev 89(2):323–348
SampsonRJ, Raudenbush SW,Earls F (1997)Neighborhoods and violent crime: amultilevel study of collective

efficacy. Science 277(5328):918–924
Schnell C, Braga AA, Piza EL (2017) The influence of community areas, neighborhood clusters, and street

segments on the spatial variability of violent crime in chicago. J Quant Criminol 33(3):469–496
Shaw CR, McKay HD (1942) Juvenile delinquency and urban areas: a study of rates of delinquents in relation

to differential characteristics of local communities in American Cities. University of Chicago Press
Shaw CR, Zorbaugh FM, McKay HD, Cottrell LS (1929) Delinquency areas: a study of the geographic

distribution of school truants, juvenile delinquents, and adult offenders in Chicago. University of Chicago
Press

Simões Aelbrecht P (2016) ‘Fourth places’: the contemporary public settings for informal social interaction
among strangers. J Urban Des 21(1):124–152

Steinberg MP, Ukert B, MacDonald JM (2019) Schools as places of crime? Evidence from closing chronically
underperforming schools. Reg Sci Urban Econ 77:125–140

Sutherland A, Brunton-Smith I, Jackson J (2013) Collective efficacy, deprivation and violence in London. Br
J Criminol 53(6):1050–1074

Taylor RB (2015) Community criminology: fundamentals of spatial and temporal scaling, ecological indica-
tors, and selectivity bias. NYU Press

Taylor RB (1988) Human territorial functioning: an empirical, evolutionary perspective on individual and
small group territorial cognitions, behaviors, and consequences. CambridgeUniversity Press, Cambridge,
Environment and behavior

Teitler JO, Weiss CC (2000) Effects of neighborhood and school environments on transitions to first sexual
intercourse. Sociol Educ 73(2):112–132

Tita G, Ridgeway G (2007) The impact of gang formation on local patterns of crime. J Res Crime Delinq
44(2):208–237

123

408

https://doi.org/10.3886/ICPSR27501.v1


Journal of Quantitative Criminology (2026) 42:389–409

Tucker R, O’Brien DT, Ciomek A, Castro E, Wang Q, Phillips NE (2021) Who ‘Tweets’ where and when, and
how does it help understand crime rates at places? Measuring the presence of tourists and commuters in
ambient populations. J Quant Criminol 37(2):333–359

Watanabe S (2010) Asymptotic equivalence of Bayes cross validation and widely applicable information
criterion in singular learning theory. J Mach Learn Res 11(116):3571–3594

Weisburd D, Groff ER, Yang S-M (2012) The criminology of place: street segments and our understanding of
the crime problem. Oxford University Press

Weisburd D, White C, Wooditch A (2020) Does collective efficacy matter at the micro geographic level?:
findings from a study of street segments. Br J Criminol 60(4):873–891

Weisburd D,White C,Wire S,WilsonDB (2021) Enhancing informal social controls to reduce crime: evidence
from a study of crime hot spots. Prev Sci 22(4):509–522

Wheeler AP (2019) Quantifying the local and spatial effects of alcohol outlets on crime. Crime Delinq
65(6):845–871

Wickes R, ZahnowR, Corcoran J, Hipp JR (2019)Neighbourhood social conduits and resident social cohesion.
Urban Stud 56(1):226–248

Wickes R, Keel C, Reynald DM, Browning CR, Lu Y, Corcoran J (2024) The temporal and spatial drivers
of collective efficacy perceptions. In: Annual meeting of the American Society of Criminology. San
Francisco, CA

Wickes R, Lanfear CC (2025) Collective efficacy and crime in urban neighbourhoods. In: Oberwittler D,
Wickes R (eds) Handbook on cities and crime. Edward Elgar Publishing, pp 19–40

Wilcox P, Cullen FT (2018) Situational opportunity theories of crime. Ann Rev Crim 1(1):123–148
ZahnowR,Mazerolle L,Wickes R (2021) Converging neighbourhood vulnerabilities: the impact of exogenous

shocks on crime. In: Wickes R, Mazerolle L (eds) Crime and disorder in community context. Routledge,
pp 167–190

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

123

409


	Mobility Network-based Measurement of Local Collective Efficacy and its Consequences for the Spatial Patterning  of Violent Crime
	Abstract
	Introduction
	Background
	Urban Mobility and Crime
	Urban Mobility and the Scale of Collective Efficacy
	Collective Efficacy, Urban Activity Locations, and Crime

	Data
	Adolescent Health and Development in Context Study
	Collective Efficacy Location Reports
	Neighborhood Controls
	Crime Data

	Methods
	Local Collective Efficacy Scores
	Neighborhood and Deviation Local Collective Efficacy Scores
	Spatial Poisson Regression Models

	Results
	Supplementary Exploratory Analyses of LCE, Land Use, and Crime
	Discussion
	References




