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Abstract
This article presents an empirical analysis of the postindustrial policing 
hypothesis, which argues that as cities pursue growth strategies designed 
to appeal to members of the so-called “creative classes,” they increasingly 
adopt punitive policing strategies, such as order maintenance policing. 
While several studies offer some evidence for the hypothesis, no study 
has yet tested the most direct spatial implication of this hypothesis within 
cities: that areas of a city undergoing gentrification or revitalization will 
evince higher levels of postindustrial policing. In a series of spatial Durbin 
models that utilize newly available data sets from New York City, this 
article demonstrates a strong positive association between gentrification 
and postindustrial policing. The article also finds that citizen demand 
for postindustrial policing is only weakly associated with its spatial 
distribution. These results and their potential implications are discussed 
in the conclusion.
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This article presents an empirical test of the postindustrial policing hypothe-
sis, which argues that contemporary policing patterns can be understood, in 
part, as derivatives of larger municipal strategies designed to attract and cater 
to the preferences of highly educated, middle- to upper-class, and predomi-
nately White residents, tourists, and potential in-movers. Emerging from a 
series of case study analyses of New York City (Vitale 2008), Seattle (Gibson 
2004), and Los Angeles (Davis 2006), and explicitly articulated as a hypoth-
esis by Sharp (2013), the postindustrial policing hypothesis argues that some 
of urban policing’s most aggressive and controversial tactics stem from larger 
urban “revitalization” or growth strategies designed to transform areas of the 
city so that they are (1) amenable to the living, consuming, and social prac-
tices of tourists and potential in-movers with high levels of human capital, (2) 
consistent with their conceptions of proper use of public space, and (3) reflec-
tive of their particular racialized and class-based perceptions of crime, safety, 
and disorder.

Within the actual built environment of the city, this process of revitaliza-
tion is often associated with gentrification: the transformation of urban areas 
previously characterized by low levels of investment and suffering from high 
levels of socioeconomic marginalization to areas characterized by high levels 
of investment and occupancy by higher income, better educated, and (often) 
whiter residents (Zuk et al., 2015). The postindustrial policing hypothesis 
suggests that municipal police departments, either to prepare areas of the city 
for this transition or as a result of the socioeconomic and racial changes it 
produces, similarly transition to styles of policing that emphasize addressing 
fear of crime, perceptions of social disorder, and behaviors that ostensibly 
inhibit the enjoyment or consumption of public space for “regular residents” 
(Sharp 2013). In practice, these policing strategies have manifested in tactics 
that focus on particular behaviors (panhandling, public intoxication, and pub-
lic disorder) and populations (the homeless, young people, and people of 
color).

Past research on the relationship between policing and neighborhood 
change mostly take the form of case study analyses of large cities. Most nota-
bly, Vitale (2008) traces the origins of the “quality of life” policing paradigm, 
order maintenance policing (OMP), and the Stop, Question, and Frisk policy 
to urban revitalization strategies following a financial collapse in New York 
City in the mid-1970s. Sharp (2013) does, however, present a cross-sectional 
analysis of 180 American cities and finds a strong and positive relationship 
between the share of the population who are members of the gentrifying cre-
ative class and indicators of OMP.

These works offer strong empirical evidence of the hypothesis but are, 
nevertheless, limited. First, these analyses do not test the most direct spatial 
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implication of the postindustrial policing hypothesis and the finding most 
consistently reported from the qualitative literature: that areas within a city 
experiencing gentrification will experience higher levels of postindustrial 
policing. Second, it is not clear whether municipal leaders adopt postindus-
trial policing strategies to “prepare” areas of the city for transition or 
whether these practices are the result of citizen demand, potentially stem-
ming from shifting demographics in gentrifying neighborhoods. The extant 
literature, in fact, gives evidence for both processes. Gibson’s (2004) analy-
sis of policing strategies in Seattle suggests that city leaders were proactive 
in adopting aggressive policing tactics as part of a larger strategy designed 
to make Seattle a competitive global city. Vitale’s (2008) study of the emer-
gence of quality of life policing in New York City, however, identifies the 
emergence of the entire quality of life paradigm and the strategies that fol-
lowed in a failure of police responsiveness to community demands and as 
the result of local social and political mobilization.

Using newly available data sets on quality of life and OMP practices in 
New York City, this study presents an empirical analysis of the effect of 
gentrification and neighborhood change on policing practices. A series of 
spatial Durbin models demonstrates that, consistent with the postindustrial 
policing hypothesis, gentrification is positively and strongly associated 
with OMP in the form of police stops under New York’s Stop, Question, 
and Frisk program (Stop and Frisk). Interestingly, the results suggest that 
the positive impact of gentrification on policing is indirect rather than 
direct: Gentrification in one tract induces a significant increase in policing 
in adjacent tracts while potentially reducing policing intensity in the gen-
trifying tract itself. Results from analysis of 311 call data, used to proxy 
for citizen demand for police services, suggest that citizen demand for 
police service is only weakly associated with policing intensity in gentri-
fying tracts, offering suggestive evidence that other mechanisms, poten-
tially elite-level influence or decision making, connect gentrification to 
higher policing rates.

The results presented here principally address the spatial implications of 
the postindustrial policing hypothesis and provide fairly robust evidence that 
the aggressive policing practices associated with the quality of life policing 
paradigm and postindustrial policing, such as OMP and Stop and Frisk, 
increase with gentrification. The results are also relevant to a much larger 
literature on the determinants of police allocations across and within cities. 
The analysis uncovers evidence for the racial threat hypothesis when the 
share of Black and Latino-Americans in a Census tract are used as proxies. It 
also uncovers strong evidence for the economic threat hypothesis across 
model specifications when the share of families falling below the poverty line 
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is used as a proxy. Finally, it presents a substantial association between tract-
level crime and policing intensity.

Order Maintenance, Quality of Life, and 
Postindustrial Policing

OMP is a policing strategy that emerged in American cities following a series 
of social and political crises in the 1960s and 1970s. It emerged as one among 
a set of new policing strategies adopted by municipal police departments 
confronted by dual claims of police brutality and underpolicing in minority 
communities; a crisis of confidence within the broader public following stu-
dent protests, antiwar protests, and urban riots; and surging rates of violent 
crime (Willis 2014).1 To address these issues, police departments shifted 
away from “traditional” modes of law enforcement that took a reactive 
approach to crime, encouraged police departments to be bureaucratically 
detached from the communities they policed, and prioritized serious crimes 
over petty offenses. In its place, many departments began to adopt OMP strat-
egies that attempted to address community concerns through the aggressive, 
proactive, and preventive policing of “disorder.”

OMP’s emphasis on the proactive policing of “disorder” has been justified 
from several perspectives, but received its most well-known justification 
from Wilson and Kelling’s (1982) influential Broken Windows theory of 
crime. According to the theory, serious crime originates in weakened com-
munity cohesion and is enabled by the tolerance of petty offenses (such as 
public intoxication, graffiti, loitering, and disturbing the peace) and the pres-
ence of physical disorder (such as an unfixed broken window), which signal 
to criminals a breakdown of social order. The authors argued that serious 
crime, community disorder, and urban decay could be alleviated through the 
aggressive and proactive policing of these petty offenses, and the order main-
tenance approach emerged as one of the most dominant and widespread 
policing paradigms in the late 1980s and 1990s (Taylor 2001).

The Broken Windows theory of crime has since come under severe empir-
ical and theoretical critique, however. In a natural experiment of five major 
U.S. cities, Harcourt and Ludwig (2006) find no evidence in support of the 
claim that disorder causes crime, while analyses in Chicago (Sampson and 
Raudenbush 2001) and Baltimore (Taylor 2001) find that the structural con-
ditions of a neighborhood (such as racial composition, poverty, and concen-
trated disadvantage) are far stronger determinants of neighborhood-level 
crime than disorder. Sampson and Raudenbush (2004) find that individual 
perceptions of “disorder” are far more powerfully influenced by the racial 
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and class composition of a neighborhood than by objective levels of physical 
or social disorder, and the authors call into question the ability for residents 
to objectively identify levels of disorder in any neighborhood without reli-
ance on racial and class-based stereotypes. More pragmatically, Skogan 
(1992) finds no evidence that OMP strategies targeting disorder are actually 
effective in reducing it.

Independent of its ability to reduce crime, however, OMP can be justified 
as responding to other critiques of policing that emerged from this crisis 
period, particularly police detachment and alienation from the community, 
low public confidence in police, and its failure to take community prefer-
ences seriously. Vitale (2008) argues that OMP is best understood as a par-
ticular strategy that emerged from a more general paradigm of social control, 
which shifted policing priorities from serious crime to crimes that affected 
the quality of life of “average” city residents. This quality of life paradigm, 
under which OMP proliferated, represented a more general shift away from 
the social tolerance of deviance or difference toward a more punitive 
approach, and a heightened sociopolitical concern for those who suffer the 
consequences of deviance rather than those who cause it (Vitale 2008).2 In 
New York City, for example, Fortner (2015) characterizes how increased 
crime and drug use, compounded by residential segregation and limited polit-
ical influence, eroded the sympathy Black residents of Harlem expressed for 
drug addicts, and led many people in that community to advocate for a more 
aggressive policing and support for the Rockefeller drug sentencing laws. 
Vitale (2008) similarly describes how sympathy for the homeless and other 
destitute populations eroded across the city, producing dramatic conflicts in 
places such as Tompkins Square Park and the city’s subway system, and 
motivated the New York Police Department (NYPD) to adopt some aggres-
sive, zero tolerance policing tactics that prefigured later OMP strategies. 
Importantly, however, OMP should be understood as only one municipal 
strategy within the broader quality of life orientation. Other municipal strate-
gies (such as laws prohibiting homeless encampments, sleeping on the side-
walk, or panhandling) and specific police tactics (such as Stop, Question, and 
Frisk) can be understood as punitive approaches to altering behavior associ-
ated with disorder as well.

With their relative emphasis on social disorder rather than serious crime, 
OMP and the quality of life paradigm imply the enforcement of more subjec-
tive community mores and “socially accepted behaviors,” affording signifi-
cant discretion to officers and their commanders in this mode of policing 
compared with more traditional styles. Wilson and Kelling’s (1982) original 
article on Broken Windows emphasized the importance of policing “incivil-
ity” and “disorder,” but what constitutes incivility and disorder in reality is 
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contested, subjective, and contingent. As Vitale (2008) noted, “‘Disorder’ can 
only be defined in relation to community responses . . . if a social behavior or 
physical condition provokes a response of fear and withdrawal it can be con-
sidered disorderly” (p. 72). Public intoxication, for example, may not consti-
tute an incivility on a campus quad, but may violate norms of civil behavior 
in a middle-class neighborhood, irrespective of its actual illegality. Residents 
of these two communities may reasonably expect officers to police this 
behavior differently in these two environments. OMP, thus, introduces a sig-
nificant amount of discretion on the part of officers and their commanders 
based on demands from mobilized communities and interests. It sets the stage 
for policing strategies to become implicated in conflicts between different 
groups or communities (say, for example, if middle-class residents and col-
lege students were attempting to occupy and enjoy the same space) and 
extends to police officers, through their ability to exercise discretion in the 
enforcement of lower-level offenses, the ability to define what the proper use 
of public space will be, and which community will get to exercise it.

The postindustrial theory of policing argues that the selective enforcement 
of petty crime and public disorder has become a policy tool in larger, urban 
projects of revitalization, gentrification, and postindustrial growth. 
Specifically, the theory suggests that the shift to OMP enables urban policy 
makers to enforce conceptions of public order consistent with those held by 
populations and industries thought to promote urban growth. In this context, 
postindustrialism refers to growth strategies that emerged in the wake of 
urban deindustrialization, which focus principally on developing tourism, 
cultural amenities, shopping, and cultural districts largely but not exclusively 
in the service of attracting highly educated, creative, and productive residents 
to the city (i.e., the “creative classes.” See Florida 2014). Yet given evidence 
that many of these potential residents, tourists, and consumers have deeply 
racialized and class-based conceptualizations of disorder, civility, and fear of 
crime (Garland 2001; Hale 1995; Sampson and Raudenbush 2001; Welch 
2007), urban managers pursuing postindustrial growth strategies have a 
strong incentive to regulate public space so that it is amenable to these indi-
viduals. As a result, the theory suggests that the policing practices that follow 
amount to the purging of targeted areas of the city of classes, individuals, and 
behaviors that in-movers may associate with crime and disorder.

The extant literature contains several compelling case study analyses of 
the development and application of OMP in the service of gentrification or 
cultural revitalization. Vitale’s (2008) study of New York identifies a coali-
tion of mid-Manhattan business and property owners as the pioneers of polic-
ing and security styles that would later become adopted by the Dinkins and 
Giuliani administrations and developed into the coherent set of policing 
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tactics and strategies identified in OMP. Concerned that homelessness, crime, 
and disorder were discouraging commerce and depressing property values, 
business owners developed organizations, such as the Grand Central 
Partnership, that attempted to deal with the effect of crime and homelessness 
by, “utilizing aggressive policing, restrictive physical barriers, and token 
social services” (p. 129). Gibson (2004) and Davis (2006) describe similar 
processes in Seattle and Los Angeles, respectively, in which a combination of 
ordinances targeting the homeless and aggressive policing tactics were 
designed to protect multibillion dollar downtown revitalization projects.

Sharp (2013) presents the first empirical test of this hypothesis and argues 
that patterns of policing in cities that have adopted revitalization or gentrifi-
cation as growth strategies should be different from cities that have not. As 
such, Sharp explores the ratio of arrests that are typically pursued under the 
quality of life paradigm and OMP (drunkenness, driving under the influence, 
liquor law violations, disorderly conduct, vagrancy, “suspicion,” curfew and 
loitering law violations, and runaways) to serious felony offenses, and takes 
it as an indicator of the relative emphasis a municipality places on postindus-
trial policing. Sharp finds that three proxies for gentrification or neighbor-
hood revitalization (the share of a municipality employed in postindustrial 
industries, employed in postindustrial occupations, and holding a college 
degree) are all positively correlated with greater municipal emphasis on qual-
ity of life or OMP.

Sharp’s work presents a strong empirical test of the postindustrial hypoth-
esis, but is limited. Principally, the approach does not allow a test of perhaps 
the most direct implication of the hypothesis: that the intensity of OMP will 
vary within a city according to the spatial distribution of gentrification or 
revitalization. I test precisely this implication and hypothesize that

Hypothesis 1 (H1): Neighborhoods experiencing gentrification will dis-
play higher levels of order maintenance or quality of life policing.

Sharp’s articulation of the hypothesis suggests a strong degree of inten-
tionality: The hypothesis argues that police officers and municipal leaders 
direct policing strategy to make their cities more attractive to residents who 
may stimulate growth. Yet, the analysis does not consider the reverse: whether 
urban revitalization strategies and gentrification lead to increases in policing, 
potentially as a function of demand from in-movers or neighborhood resi-
dents. Insofar as gentrification attracts new residents to communities where 
conceptions of proper use of space may differ, it has the potential to lead to 
conflict and community disagreement, which may in turn lead to increased 
police presence and activity. In his work, Vitale (2008) emphasizes the origin 
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of OMP strategies in community demand for police responsiveness and per-
sistent mobilization to communicate these preferences to elected officials. 
Gibson’s (2004) work, in contrast, suggests that public officials in Seattle 
adopted aggressive OMP strategies prior to and as a means of bringing about 
revitalization. It is very possible that municipal leaders in Seattle adopted 
OMP following its implementation in New York City and in light of Fagan 
et al.’s (2010) argument that OMP strategies persist in areas of the city long 
after gentrification has been completed; on whole, the extant literature seems 
to suggest that the spatial distribution of OMP is not principally motivated by 
demand, but perhaps is supplied by policy officials, administrators, or other 
municipal elites interested in revitalization. Given this, I hypothesize that

Hypothesis 2 (H2): The intensity of OMP policing will not follow demand 
for services or will be independent of demand for services.

Literature Review

There are, at the same time, however, an extant set of theoretical explanations 
beyond the postindustrial hypothesis that have been applied to explain the 
distribution and intensity of policing across space and may potentially explain 
policing patterns across a city, instead of gentrification. The first, and perhaps 
most intuitive explanation for variation in policing across neighborhoods, is 
the rational-bureaucratic framework, which argues that variation in policing 
is determined by differences in demand for police protection, which are gen-
erally expected to follow levels of crime in different parts of the city. This 
framework is rooted in Weber’s (1978) rational-bureaucratic ideal type of 
political authority, which presents a model of political authority in which 
need, democratic deliberation, and consensus determine the application of 
political power, and by extension, social control and policing. Similar public-
choice models of public-service allocation (Tiebout 1956) suggest that differ-
ences in municipal allocation of public services follow differences in the 
preference structure of residents, again thought to be functions of crimes.

Despite its intuitive appeal, the hypothesis that crime predicts police allo-
cation has only received mixed empirical verification. Several cross-sectional 
and longitudinal studies of North American cities, analyzing the size of police 
departments per capita or spending on police departments per capita, uncover 
strong effects of crime on these variables (Jacobs and Helms 1997; Stucky 
2005; Zhao, Ren, and Lovrich 2012). Notably, Kane’s (2003) cross-sectional 
analysis of police deployments across New York City police precincts finds 
violent crime and grand larceny to be among the strongest predictors of police 
deployment in the city. At the same time, a large set of studies have 
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uncovered null or weak effects (Kent and Carmichael 2014; Kent and Jacobs 
2005; Nalla, Lynch, and Leiber 1997; Ruddell and Thomas 2010; Sever and 
McSkimming 2004). Sharp’s (2013) test of the postindustrial policing 
hypothesis also does not find the share of OMP arrests to be determined by 
property crime and only weakly (and inconsistently) related to violent crime.

Although many studies employ aggregate-level crime statistics as indica-
tors of demand, other studies include demographic proxies for the supply of 
crime, most commonly the percentage of the population aged 18 to 24 and 
indicators of social disruption or disorder, such as the share of female-headed 
households with children. The inclusion of these proxies follows the “supply 
side theory of crime,” which argues, for example, that because youth are the 
demographic group most likely to commit crimes, allocation of police ser-
vices should follow this age demographic. Similarly, parts of the city with the 
most social disruption or familial instability are likely to have larger propor-
tions of unsupervised youth and by extension, experience higher rates of 
crime. In a review of aggregate-level correlates of crime, Pratt and Cullen 
(2005) find the share of the population between 18 and 24 to be a strong and 
consistent predictor of crime levels. Although the study does not find crime 
to be a significant predictor, Sharp (2013) does find the share of the popula-
tion between ages 18 and 24 to be strongly predictive of the share of arrests 
attributable to OMP. Pratt and Cullen (2005) also find indicators of social 
disruption or dislocation, such as the share of female-headed households, to 
be strongly predictive of crime.

In contrast with the rational-bureaucratic perspective, conflict theory 
argues that decisions regarding allocation of police will be made according to 
perceptions of threat felt by dominant sociopolitical groups. Within this theo-
retical framework, the racial and economic hypotheses suggest that the distri-
bution and behavior of police officers reflect the impetus of White Americans 
or economic elites to subordinate racial minorities or the economically mar-
ginalized. The threat hypothesis can be motivated from two perspectives. 
Blalock’s (1967) power threat hypothesis argues that dominant sociopolitical 
groups control and mobilize the criminal justice system (ranging from street-
level policing to incarceration) to keep racial minorities or the working 
classes politically subordinate. Pointing, instead, to stereotypes that associate 
Black Americans, Latino-Americans, and the poor with crime (Welch 2007), 
Kent and Carmichael (2014) argue that the presence of large Black and 
Latino-American communities may increase the perceived threat of crime or 
fear of crime among White Americans, both among residents who may then 
demand more police services or among (White American) officers who may 
associate these groups with crime and disorder. The relationship between 
race and policing under this framework is thus less motivated from a political 
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calculus to subordinate other groups and stems rather from psychological or 
cognitive biases (see Chiricos and Delone 1992 for some extension of these 
two processes to the economic threat theory). From either motivation, the 
threat hypothesis argues that the more threatening Blacks or Latino-
Americans, other ethnic groups, and the economically marginal are to domi-
nant groups, the more spending toward police forces, the more punitive their 
treatment, and the more intense their policing.

Empirically, almost all analyses have found evidence that the percent-
age of Black Americans in a city is positively correlated with the distribu-
tion of police, net other factors (Jacobs and Helms 1997; Kent and 
Carmichael 2014; Kent and Jacobs 2005; Ruddell and Thomas 2010; Sever 
2003; Stucky 2005; Zhao, Ren, and Lovrich 2012). Although the Black 
American share of the population has consistently predicted policing 
intensity, the size of the Latino-American population is a less consistent 
predictor. Zhao, Ren, and Lovrich (2012) uncover a negative relationship 
between the share of the Latino-American population and indicators of 
policing intensity, while a study of Latinos in the American Southwest 
(Holmes et al. 2008) uncovers weak, positive effects. Kane’s (2003) analy-
sis of within-city, precinct-level variation in officers per capita, however, 
finds a positive and curvilinear effect of the Latino share of the population 
on police deployments.

In contrast with the racial threat hypothesis, evidence that policing is asso-
ciated with indicators of economic threat is far weaker. Some operationaliza-
tions of the hypothesis using measures of income inequality, specifically the 
Gini coefficient, have found economic threat to be positively associated with 
indicators of police deployment (Kent and Carmichael 2014). Other opera-
tionalizations, specifically unemployment, poverty, and income, emerge as 
either nonsignificant or inconsistent across model specifications (Holmes 
et al. 2008; Kane 2003; Kent and Carmichael 2014; Ruddell and Thomas 
2015; Zhao, Ren, and Lovrich 2012).

Independent Variables

There is no academic consensus on how to operationalize gentrification (see 
Zuk et al. 2015 for a thorough review of different approaches), and I employ 
multiple coding schemes to identify neighborhoods that have experienced or 
are currently experiencing gentrification. The primary operationalization 
used throughout this study is based on a series of works (Chapple 2009; 
Freeman 2005; Maciag 2015), which categorically distinguish between tracts 
ineligible to gentrify, those with the potential to gentrify but did not, and 
those tracts that did gentrify.
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Following the coding schemes employed in this literature, and to capture 
the notion that gentrified or gentrifying tracts first experience marginaliza-
tion and disinvestment, I identify tracts that are eligible to gentrify if in the 
year 2000, they have populations over 500 (to exclude parks and industrial 
districts), rank in the bottom 50% of all New York City tracts by median 
household income, and bottom 50% by median rent price. Gentrified or gen-
trifying tracts are a subset of these eligible tracts that from 2000 to 2014 
experienced an increase in inflation-adjusted median rent prices, ranked in 
the top tercile in terms of growth in the size of the population holding a bach-
elor’s degree, and also ranked in the top tercile in terms of median rent price 
increase.3 I assume tracts identified as gentrified or gentrifying in such a 
manner were experiencing such changes throughout the period, but most spe-
cifically, in the years spanning 2010 to 2014, which are analyzed here.

In addition to the categorical coding described above, I test the relation-
ship between policing and gentrification using three additional measures 
derived directly from Sharp (2013).4 The first measures the percentage 
change in the share of the population with a bachelor’s degree or higher. The 
second measures the percentage change in the population that is employed in 
the “postindustrial sector,” specifically those employed either in professional, 
scientific, and management industries or those in education, health, and 
social services industries as measured by the U.S. Census Bureau. The third 
is a similar measure drawn from the Census that measures the change in the 
share of the civilian population in management, professional, and related 
occupations.5 Again, because gentrification implies long-term demographic 
changes, I measure the change in the share of the population employed in 
these industries, occupations, or with higher education from 2000 to 2014. To 
account for skew, each measure is logged.

To test whether the spatial distribution and intensity of policing are a func-
tion of citizen demand, I develop a measure of demand for services from New 
York City’s 311 call database. New York City’s 311 program allows residents 
to place service requests directly to municipal agencies. Unlike 911 calls, 
which generally concern emergencies, 311 calls directed toward the NYPD 
are overwhelmingly oriented toward community disagreements or conflicts 
over the proper use of public space such as noise complaints, public drinking, 
or skateboarding on the sidewalk. They are, thus, likely to give an indication 
of the extent to which citizen demand for police intervention, emanating from 
social conflict and quality of life offenses, generates OMP or quality of life 
policing.6 A publicly available and geocoded database of 311 calls in New 
York City is available online.7 I use data from 2010 to 2014 and select only 
those 311 calls directed toward the NYPD. I further subset these data and 
only utilize calls for which the complaint type falls within the confines of 
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OMP policing. Specifically, I only count calls concerning chronic biking, 
roller-skating, or skateboarding; a derelict vehicle, disorderly youth, public 
drinking, graffiti, a homeless encampment, illegal fireworks, a noise com-
plaint, panhandling, squeegee men, urinating in public, or illegal vending. I 
aggregate the total number of 311 calls related to OMP for each Census tract 
and standardized by the tract’s population to generate a yearly per capita 311 
call rate. To account for skew in the variable, I take the log of the measure.

To control for the potential effect of racial threat, I include measures for 
the percentage of the Census tract that is Black or Latino-American. For the 
purpose of this analysis and to capture the extent to which officers make 
policing decisions based on the visual characteristics of an individual, Afro-
Latinos are coded as Black (results are consistent when Afro-Latinos are 
coded as Latino-American). To control for the potential effect of economic 
threat, I include a measure for the percentage of families that falls below the 
poverty line. To control for the effect of crime on the outcome variable, I rely 
on a geolocated database of all felony crimes reported to the NYPD.8 I aggre-
gate the total number of felony crimes occurring in each Census tract and 
standardize these counts by the population. I then log these rates to account 
for skew. In addition to the crime rate, I employ additional proxies for the 
“supply” side of crime and measure the share of the population between the 
ages of 18 and 24 and the percentage of female-headed households with chil-
dren in each tract.

All measures used to construct the primary coding for gentrification, its 
four additional proxies, and control variables were taken from the U.S. 
Census Bureau. Data from the year 2000 were pulled from the Decennial 
Census while data from 2010 through 2014 were taken from the American 
Community Survey (ACS). These data were mapped to Geographic 
Information Systems (GIS) shapefiles, which were pulled from the New York 
City Department of City Planning web page.9 Census tracts from 2010 and 
2000 were matched using the Longitudinal Tract Database (Logan, Xu, and 
Stults 2014).

Dependent Variable

Following other work analyzing OMP in New York City, I take the per capita 
intensity of street-level police stops under New York City’s Stop, Question, 
and Frisk program as an indicator of postindustrial policing (Lerman and 
Weaver 2014). The legal pretext for police officer stops under the program 
emerged from Terry v. Ohio (1968) in which the U.S. Supreme Court ruled 
that officers could stop citizens or residents if they had reasonable suspicion 
that a crime had or was being conducted, and believed the suspect was 
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carrying a weapon. It has since, however, become a tactic within the city’s 
larger OMP strategy, targeting many classes of individuals associated with 
disorder including the homeless, youth, and people of color (Livingston 
1997; Spitzer 1999; Vitale 2008). This was particularly the case under the 
mayoral administration of Rudy Giuliani in the 1990s and early 2000s, which 
instructed the NYPD to aggressively and nearly indiscriminately stop and 
frisk anyone (typically young men of color) who appeared to be committing 
a crime or behaving in disorderly conduct (Livingston 1997; Spitzer 1999). 
The practice continued to the mayoral administration of Michael Bloomberg 
in the late 2000s, whose NYPD stopped hundreds of thousands of innocent 
city residents every year, arguing that this aggressive and preventive approach 
reduced crime and disorder.

Geolocated data on stops under the Stop, Question, and Frisk program 
were obtained from the NYPD and are available from 2006 to 2014. I subset 
these data to the years 2010 through 2014 given that data on tract-level crime 
were only available from 2010 to 2014. To account for differences in popula-
tion size at the tract level, I divide by tract-level population. To account for 
skew, this measure is logged.

Method

The analysis proceeds as follows. In the first section, I present a set of descrip-
tive tables and figures that map gentrification across Census tracts in New 
York City, display differences in stops per capita by tract type, present sum-
maries of tract-level characteristics by tract type, and display how these have 
changed from 2000 to 2014.

I then present results from a series of regressions run on these data. 
Following established procedures for estimating models on spatial data, I 
first run standard ordinary least squares (OLS) models on these data. Initial 
OLS results suggest a strong positive association between gentrification and 
stopping rates. Given the spatial nature of these data, however, standard OLS 
models are likely to be misspecified due to spatial dependence arising from 
at least one of the following sources: (1) omitted variables that act on tracts 
closely situated in space (correlated effects), (2) serial dependence or interac-
tions of the outcomes on one another in space (endogenous interaction 
effects), and/or (3) the possibility that covariate values in one tract affect 
outcomes in a neighboring tract (exogenous interaction effects) (Elhorst 
2010). I run a test of spatial dependence on the residuals of the OLS analysis 
(Moran’s I), which confirms spatial dependence in these data. A series of 
Robust Lagrange Multiplier tests run on the OLS models suggests that both 
spatial lag and spatial error models should be preferred over OLS models.
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Following LeSage and Pace (2009) and Elhorst (2010), I proceed from 
here to run a series of spatial Durbin models on these data.10 The spatial 
Durbin model models the outcome of interest as the process of endogenous 
interactions effects, direct effects, and exogenous interaction effects. More 
directly, the stopping rate in any tract is said to be determined by the stopping 
rate in neighboring tracts, covariate values in that tract itself, and covariate 
values in neighboring Census tracts. More specifically, the Spatial Durbin 
model takes the form

Y WY X WXN= + + + +ρ α β θ ε1 ,

where Y  is an N × 1 vector of the logged stops per capita in a given year, ρ  is 
a spatial autoregressive coefficient estimated by the model that measures the 
strength of the endogenous interaction effect, W  is an N × N matrix of spatial 
weights that mark a tract’s neighbors, X  is an N × K vector of covariate values, 
and both β  and θ  are K × 1 vectors of fixed but unknown parameters to be 
estimated by the model (Elhorst 2010). In this analysis, a tract is said to be a 
neighbor of another tract if it shares a boundary or a vertex with that tract.

Descriptive Results

Figure 1 maps gentrification in New York City Census tracts from 2000 to 
2014. Visual inspection conforms with expectations, with recognizable sec-
tions of Brooklyn, northern Manhattan, and the Bronx experiencing gentrifica-
tion over the time period. Descriptively, the number of tracts estimated to have 
experienced gentrification (233) is higher than those generated in Maciag’s 
(2015) study, which estimates that 128 tracts experienced gentrification from 
2000 to 2015. The findings presented here are consistent, however, with the 
descriptive results presented in Timberlake and John-Wolfe (2016).

Figure 2 displays boxplots of (the log of) stops per capita across time and 
by tract type. For each year, boxplots on the left and in red depict the distribu-
tion of stops per capita in tracts that were not eligible to gentrify, green box-
plots in the middle depict the distribution of stops per capita in tracts that had 
the potential but did not gentrify, and blue boxplots on the right depict the 
distribution of tracts that did gentrify or are gentrifying.

Lower median stops of the red boxplot are generally consistent with 
expectations: Far fewer stops occur in areas where there are higher rents and 
higher median incomes. Differences between the green and the blue boxplots 
display interesting patterns, and offer tentative support for the postindustrial 
policing hypothesis.11 The plots suggest that tracts that experienced gentrifi-
cation over the period have the highest rates of police stops, despite higher 
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rates of growth in education and rent. This tentatively suggests that gentrifi-
cation and the demographic changes associated with it do not necessarily 
induce reductions in policing but rather more policing, relative to communi-
ties that had similarly been marginalized in the year 2000. Tests for statistical 
significance (not shown) confirm what is displayed in the boxplots. With the 
exception of 2014, stop rates are significantly higher in gentrifying tracts 
than they are in tracts that were sufficiently marginalized in 2000 but did not 
experience gentrification over the period.

Racial, Economic, Social, and Housing Differences

Table 1 compares median differences in model covariates and selected socio-
economic variables across the three different types of tracts. As might be 

Non Eligible: N= 1323
Eligible: N= 620
Gentrified: N= 223

Figure 1. Gentrification in New York City, 2000−2014.
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expected, noneligible tracts have the lowest rates of female-headed house-
holds and unemployment and the lowest percentages of Black and Latino-
Americans. They also have the highest rates of bachelor’s, master’s, and PhD 
attainment, higher rent prices, and higher household incomes in both the 
baseline year and ending year. These results are partially a result of the cod-
ing scheme, which selected on the basis of median income, rent price, and 
education, but demonstrates that across other potential indicators of gentrifi-
cation, particularly the racial composition of a Census tract, noneligible tracts 
comport a priori with expectations.

Interesting differences emerge in comparisons between nonchanging 
tracts and gentrifying tracts, some of which are a direct result of the coding 
scheme but some of which again validate the operationalization of gentrifica-
tion used here. Ideally, nonchanging tracts and gentrifying tracts would be 
similar on a wide range of observable socioeconomic factors and different, 
allowing us to attribute differences in policing to gentrification and not 
underlying or antecedent socioeconomic conditions. This is partially the 
case. In the baseline year, for example, nonchanging and gentrifying tracts 
have comparable rates of female-headed households, education completion 
rates, unemployment, and individuals aged 18 to 24. By 2014, however, gen-
trified tracts have experienced dramatically larger increases in degree acqui-
sition, income, and rent prices (consistent with the coding). Changing tracts 
also demonstrate larger reductions in unemployment, poverty, and the per-
centage of female-headed households. Gentrified tracts also evince an 
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Figure 2. Stops in New York City Census tracts.
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astounding 400% increase in the White population (compared with 15% in 
nonchanging tracts), which were not specifically selected on, but are at the 
same time consistent with theory and other empirical operationalizations of 
gentrification (Zuk et al. 2015). Gentrified tracts also experience a significant 
reduction in the Latino-American share of the population.

Table 1 shows, however, that rival factors may explain differences in 
policing levels, justifying the regression approach adopted in the analysis. 
In both 2000 and 2014, tracts that experienced gentrification have higher 
levels of Black and Latino-Americans than nonchanging tracts, suggesting 
that racial threat may potentially explain differences in police stops per 
capita. Gentrifying tracts also have higher poverty rates, lower rent prices, 
and lower family incomes in 2000, suggesting the potential that economic 
threat may explain some of the differences in policing for some years in 
the analysis.

I also note that, across all three tract types, the share of employment in 
postindustrial industries does not differ substantially, suggesting that this 
proxy drawn from Sharp (2013) may not accurately capture gentrification 
processes at the tract level. At the same time, however, employment in postin-
dustrial occupations does follow the expected pattern: Ineligible tracts have 
higher levels of employment in postindustrial occupations, nonchanging 
tracts and gentrifying tracts have comparable levels of employment in the 
baseline year, and gentrifying tracts have substantially higher levels of growth 
in the share of the population employed in these occupations by 2014.

Table 1. Select Summary Statistics By Tract Type.

Ineligible No change Gentrified

 2000 2014 Δ 2000 2014 Δ 2000 2014 Δ

% Female Head 4.68 4.30 −8.17 18.62 14.70 −21.05 19.08 12.20 −36.06
% Poverty 8.29 8.10 −2.27 26.85 26.55 −1.12 30.90 24.00 −22.33
% BA 15.76 20.60 30.69 7.91 11.65 47.25 6.20 17.00 174.32
% PhD/MA 9.38 12.40 32.22 4.01 5.20 29.76 3.53 7.60 115.42
% Post Industry 35.41 39.50 11.54 35.66 39.55 10.91 33.84 39.20 15.84
% Post Occupation 34.67 38.20 10.19 22.12 22.80 3.06 21.56 31.70 47.02
% Unemployment 3.61 5.10 41.35 7.09 7.60 7.16 7.96 7.60 −4.56
% Black 4.09 4.49 9.64 31.50 29.22 −7.25 37.11 34.15 −7.96
% White 52.51 46.05 −12.30 5.32 6.12 15.14 2.53 12.69 400.99
% Latino 10.80 13.09 21.23 31.85 33.07 3.81 41.53 35.39 −14.78
% Ages 18−24 8.74 8.80 0.70 10.46 10.70 2.28 11.47 11.60 1.14
Rent 1,109 1,375 24.01 885 1,113 25.71 803 1,184 47.47
Income 65,969 67,064 1.66 36,207 34,568 −4.53 32,112 40,526 26.20
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Not displayed in Table 1 are differences in crime and 311 calls by tract 
type. Following expectations, ineligible tracts had the lowest 311 call rates 
per capita and per capita crime rates in every year (2010 to 2014). Gentrifying 
tracts had significantly higher rates of 311 calls per capita and crime per 
capita than nonchanging tracts, suggesting that the higher stop rates in gentri-
fying tracts may be a function of citizen demand and/or objective levels of 
crime.

Spatial Durbin Model Results

To determine whether gentrification, race, class, demand for police services, 
or crime levels explain differences in stopping intensity across neighbor-
hoods, I run a series of spatial Durbin models that can control for variation in 
all these factors simultaneously. I run separate regressions for each year, 
which in addition, controls for variation in the level of policing that is city-
wide and year-specific and allows us to clearly view how model parameters 
change over the life of the program.12

As Elhorst (2010) notes, interpreting the regression coefficients from a 
spatial Durbin model is substantially different from interpreting the coeffi-
cients from OLS models. Since covariate values in a tract can affect stop rates 
in that tract and in adjacent tracts as well, covariates have direct and indirect 
effects on outcomes. At the same time, as the outcomes in each tract are in 
part a function of spatial autoregressive processes that pass through neigh-
boring tracts, and each tract has a different set of neighbors, the estimated 
partial derivative of a unit change in a covariate will be different for each 
observation (see Elhorst 2010 for a useful illustration of the partial derivative 
structure of spatial Durbin models). Following Elhorst (2010) and Yang, 
Noah, and Shoff (2015), I report the average of the direct and indirect effects, 
as well as the total estimated effect for a covariate, in the main text. Regression 
results are reported in the online appendix.

Table 2 displays the relationship between the categorical operational-
ization of gentrification and stops per capita from 2010 to 2014. The results 
of the model suggest that overall, gentrification has a strong and positive 
effect on police stopping rates citywide, but that the indirect and direct 
effects may work in different directions. In 2010 and 2011, the model finds 
gentrification to be weakly and negatively associated with stopping rates 
directly, or within the tract in which it occurs. Thus, a hypothetical switch 
from a marginalized tract that did not experience gentrification to a mar-
ginalized tract that did experience gentrification was associated with about 
a 9% (100 1095× −−( ).e ) reduction in stops per capita in 2010 and 2011. No 
statistically significant direct effect was uncovered for 2012, 2013, or 
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Table 2. Effect of Gentrification on Police Stops.

Direct Indirect Total

2010
 Ineligible −0.078* 0.414** 0.336*
 Gentrified −0.095* 0.414** 0.32
 Log(311 Calls) 0.202*** 0.035 0.237**
 Log(Crimes/Capita) 0.699*** 0.112 0.812***
 % Black 0.008*** 0 0.007***
 % Latino 0.008*** −0.004 0.005
 % Criminal Age −0.001 −0.017 −0.018
 % Poverty 0.011*** 0.013* 0.024***
 % Female Head 0.009*** −0.007 0.003
2011
 Ineligible −0.076* 0.332** 0.256
 Gentrified −0.098** 0.543*** 0.445**
 Log(311 Calls) 0.234*** −0.066 0.168
 Log(Crimes/Capita) 0.767*** 0.06 0.827***
 % Black 0.007*** 0 0.007***
 % Latino 0.007*** 0 0.007**
 % Criminal Age −0.001 −0.021** −0.022*
 % Poverty 0.009*** 0.017** 0.026***
 % Female Head 0.008*** −0.007 0.001
2012
 Ineligible −0.063 0.314** 0.251*
 Gentrified −0.029 0.642*** 0.613***
 Log(311 Calls) 0.237*** −0.235*** 0.002
 Log(Crimes/Capita) 0.728*** 0.167** 0.894***
 % Black 0.007*** 0 0.007***
 % Latino 0.007*** −0.004 0.003
 % Criminal Age −0.002 −0.015 −0.017*
 % Poverty 0.009*** 0.02*** 0.029***
 % Female Head 0.01*** −0.014 −0.004
2013
 Ineligible −0.122** 0.236 0.114
 Gentrified −0.043 0.531** 0.488*
 Log(311 Calls) 0.15*** −0.22** −0.071
 Log(Crimes/Capita) 0.77*** 0.035 0.805***
 % Black 0.008*** 0 0.008***
 % Latino 0.005*** −0.009** −0.004
 % Criminal Age 0.003 −0.034*** −0.032**
 % Poverty 0.009*** 0.017** 0.026***
 % Female Head 0.008** −0.017 −0.01

(continued)
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2014. In contrast with this direct effect, the indirect effects of gentrifica-
tion on stopping rates are strong, positive, and more consistent over the 
years analyzed. Thus, to switch a marginalized tract that did not experi-
ence gentrification to a marginalized tract that did was associated with a 
51% increase in stops per capita in nearby tracts in 2010, a 72% increase 
in stops per capita in 2011, a 90% increase in stops per capita in 2012, and 
a 70% increase in 2013. The overall or total effect emerges as positive and 
statistically significant in 2011, 2012, and 2013, but is large and positive 
in all years.

The model also uncovers a positive, yet weak and inconsistent association 
between the rate of 311 calls related to OMP and tract-level stopping rates. 
For example, a 10% increase in these calls is only (directly) associated with 
a 1.5% to 2.4% increase in stops per capita, depending on year. The indirect 
effects are not consistent across years and actually emerge as negative in 
2012 and 2013, where a 10% increase in the OMP-related call rate is associ-
ated with a 2.4% and 2.2% reduction in stop rates in neighboring tracts. It is 
hard to explain this result and why it occurs in these years, but these results 
may reflect how officers are allocated to neighborhoods based on responses 
to these call rates. Specifically, it may be the case that as one neighborhood 
experiences an increase in OMP-related calls, officers from neighboring 
tracts are pulled to police that tract, resulting in fewer stops per capita in those 
neighboring tracts.

Other coefficients are largely significant and behave as expected. Across 
all years, crime rates have a strong direct effect on stopping rates. The model 
reports that for every 10% increase in felonious crimes per capita, there is an 

Direct Indirect Total

2014
 Ineligible 0.008 0.589** 0.597**
 Gentrified −0.005 0.433 0.428
 Log(311 Calls) 0.192*** 0.064 0.256*
 Log(Crimes/Capita) 0.607*** −0.582*** 0.025
 % Black 0.006*** 0.002 0.009***
 % Latino 0.005** −0.011** −0.006
 % Criminal Age 0.01** 0.006 0.016
 % Poverty 0.013*** 0.013 0.026**
 % Female Head 0.016*** −0.016 0.001

*p < .1. **p < .05. ***p < .01.

Table 2. (continued)
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associated 7.0%, 7.7%, 7.3%, 7.7%, and 6.1% increase in stops per capita in 
2010, 2011, 2012, 2013, and 2014, respectively, lending strong evidence for 
the rational-bureaucratic framework. Indirect effects for crime are positive 
but statistically indistinguishable from zero, with the notable exception of 
2012 when they are positive and 2014 when the indirect effect is strong but 
negative. This effect may be due to a similar mechanism as described above 
where officers are drawn from neighboring tracts to deal with crime, leading 
to a reduction in stops in neighboring counties.

Across years, the model estimates a positive direct effect for racial threat 
on stopping rates. For example, every 10% increase in the Black American 
share of the population (i.e., from 20% to 30%) is associated with a 6% to 8% 
increase in stops per capita depending on year, while every 10% increase in 
the Latino-American share of the population is associated with 5% to 7% 
increase in stops per capita. The model does not uncover statistically signifi-
cant indirect effects for the share of the Black American population but, inter-
estingly, it uncovers fairly substantial and negative indirect effects for the 
Latino share of the population in 2013 and 2014. Economic threat also 
emerges as a very strong predictor of per capita stopping rates: A 10% 
increase in the share of families in poverty in a tract is associated with 
between a 24% and 29% increase in stops per capita.

Finally, and contrary to expectations, the share of the population between 
18 and 24 is negatively associated with stopping rates per capita. The effect 
is sizable, a 10% increase in the share of the tract between the ages 18 to 24 
is associated with a 16% decrease in stops per capita in 2012 and a 31% 
decrease in 2013. Note also the somewhat inconsistent negative direct effect 
and the strong and very consistent positive indirect effect of a hypothetical 
shift from marginalized, nongentrifying tract to an ineligible tract. Here, the 
model is suggesting that tracts that were not sufficiently marginalized to be 
eligible to gentrify have lower per capita stopping rates, but as with gentrifi-
cation, a switch to a less marginalized status would induce higher stopping 
rates in surrounding neighborhoods.

Table 3 shows the relationship between the logged change in the degree-
holding population and stopping rates. The effect is positive, consistent with 
the hypothesis, but fairly weakly sized. The model suggests that a 10% 
increase in the change in the degree-holding share of the population is associ-
ated with between a 0.9% to 1.7% increase in stops per capita. As with the 
categorical coding of gentrification, the principle association seems to be 
indirect: The model uncovers positive indirect effects for every year except 
2010, although a positive direct effect is uncovered in 2014. Other covariates 
largely behave as they did in Table 2. The regressions uncover similar strong 
and positive effects for crime, 311 calls, racial threat, and poverty on stopping 
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Table 3. Effect of Education Gain on Police Stops.

Direct Indirect Total

2010
 Log(Education Gain) 0.017 0.073 0.09*
 Log(311 Calls) 0.219*** −0.015 0.204**
 Log(Crimes/Capita) 0.718*** 0.018 0.736***
 % Black 0.008*** −0.001 0.007***
 % Latino 0.009*** −0.004 0.005
 % Criminal Age −0.002 −0.009 −0.011
 % Poverty 0.01*** −0.002 0.009
 % Female Head 0.011*** 0.001 0.011
2011
 Log(Education Gain) 0.016 0.104** 0.12***
 Log(311 Calls) 0.241*** −0.052 0.189*
 Log(Crimes/Capita) 0.776*** 0.01 0.787***
 % Black 0.007*** −0.002 0.006***
 % Latino 0.008*** −0.002 0.006*
 % Criminal Age −0.001 −0.02** −0.021*
 % Poverty 0.009*** 0.006 0.014**
 % Female Head 0.008** 0.002 0.009
2012
 Log(Education Gain) 0.017 0.078** 0.095**
 Log(311 Calls) 0.212*** −0.161** 0.052
 Log(Crimes/Capita) 0.729*** 0.163** 0.893***
 % Black 0.008*** −0.001 0.007***
 % Latino 0.008*** −0.005* 0.003
 % Criminal Age −0.003 −0.017* −0.019*
 % Poverty 0.01*** 0.015*** 0.025***
 % Female Head 0.008** −0.017* −0.009
2013
 Log(Education Gain) 0.009 0.096** 0.105*
 Log(311 Calls) 0.138*** −0.113 0.026
 Log(Crimes/Capita) 0.787*** −0.056 0.731***
 % Black 0.009*** −0.002 0.007***
 % Latino 0.006*** −0.012*** −0.006
 % Criminal Age 0.002 −0.023* −0.021
 % Poverty 0.011*** 0.011* 0.022***
 % Female Head 0.008** −0.01 −0.002
2014
 Log(Education Gain) 0.041** 0.128** 0.169**
 Log(311 Calls) 0.197*** −0.153 0.044

(continued)
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rates and some evidence for a negative effect of the share of the population 
between 18 and 24 on stopping rates.

Finally, Tables 4 and 5 display the relationship between change in the 
share of the population employed in postindustrial industries and occupations 
and stopping rates. The results from these models do not give quite as strong 
evidence for the postindustrial policing hypothesis. The results from Table 4 
are somewhat suggestive that police are responsive to rates of growth in the 
share of the population employed in postindustrial occupations, but weakly 
so and not consistently across years analyzed. In contrast with the other oper-
ationalizations of gentrification, Table 5 does not offer evidence that changes 
in the share of the population employed in postindustrial industries has any 
effect on stopping rates per capita.

Discussion and Conclusion

In sum, the results extend empirical support for the postindustrial policing 
hypothesis. Overall, the analysis finds the association between gentrification 
and Stop and Frisk to be strong and positive, net tract-level crime rates and 
other potential factors. The results further suggest that the most dramatic 
impacts are indirect: Gentrification in a tract does not necessarily induce 
heightened policing in the tract that experienced it, but significant policing in 
adjacent or neighboring tracts. These results are consistent with Davis’s (2006) 
analysis of revitalization and policing in Los Angeles, in which the homeless 
in that city’s downtown central business district were pushed to Skid Row, 
where their rates of contact with police officers subsequently skyrocketed (see 
also Stuart 2016). This pattern is also consistent with Florida (2014), notions 
of pleasurable enjoyment of urban space, and what one might call the “aes-
thetics” of policing for revitalized space. Gentrifying in-movers likely do not 
prefer to see heavy and frequent policing in their neighborhoods any more 
than they prefer to see signs of “disorder,” as it sends negative signals about 

Direct Indirect Total

 Log(Crimes/Capita) 0.63*** −0.509*** 0.121
 % Black 0.006*** 0.001 0.007**
 % Latino 0.004* −0.008* −0.004
 % Criminal Age 0.011** 0.016 0.027
 % Poverty 0.011*** −0.007 0.004
 % Female Head 0.017*** −0.01 0.006

*p < .1. **p < .05. ***p < .01.

Table 3. (continued)
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Table 4. Effect of Occupation Gain on Police Stops.

Direct Indirect Total

2010
 Log(Occupation Gain) 0.031** 0.065* 0.096**
 Log(311 Calls) 0.24*** −0.028 0.212**
 Log(Crimes/Capita) 0.686*** 0.053 0.739***
 % Black 0.009*** −0.001 0.008***
 % Latino 0.008*** −0.001 0.006**
 % Criminal Age −0.004 −0.013 −0.017
 % Poverty 0.011*** −0.001 0.01*
 % Female Head 0.012*** −0.008 0.003
2011
 Log(Occupation Gain) 0.02 0.056* 0.076*
 Log(311 Calls) 0.226*** −0.056 0.17**
 Log(Crimes/Capita) 0.776*** 0.039 0.815***
 % Black 0.008*** −0.002 0.006***
 % Latino 0.009*** −0.001 0.008***
 % Criminal Age 0.003 −0.02** −0.017*
 % Poverty 0.01*** 0 0.011**
 % Female Head 0.008** 0.001 0.01
2012
 Log(Occupation Gain) 0.012 0.059* 0.07*
 Log(311 Calls) 0.247*** −0.117* 0.13*
 Log(Crimes/Capita) 0.75*** 0.028 0.778***
 % Black 0.009*** −0.002 0.006***
 % Latino 0.006*** −0.003 0.003
 % Criminal Age −0.004 −0.008 −0.012
 % Poverty 0.011*** 0.007* 0.018***
 % Female Head 0.012*** −0.008 0.004
2013
 Log(Occupation Gain) 0.003 0.022 0.025
 Log(311 Calls) 0.161*** −0.087 0.074
 Log(Crimes/Capita) 0.787*** −0.132* 0.654***
 % Black 0.009*** −0.001 0.007***
 % Latino 0.003* −0.006* −0.003
 % Criminal Age 0.007 −0.027*** −0.02*
 % Poverty 0.014*** 0.007 0.021***
 % Female Head 0.01* −0.008 0.001
2014
 Log(Occupation Gain) 0.003 0.059 0.062
 Log(311 Calls) 0.182*** −0.102 0.08

(continued)
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Table 5. Effect of Industry Gain on Police Stops.

Direct Indirect Total

2010
 Log(Industry Gain) 0.005 −0.065 −0.06
 Log(311 Calls) 0.199*** −0.025 0.174*
 Log(Crimes/Capita) 0.705*** −0.026 0.68***
 % Black 0.008*** 0 0.007***
 % Latino 0.009*** −0.002 0.007**
 % Criminal Age −0.003 0.005 0.002
 % Poverty 0.011*** 0.005 0.017***
 % Female Head 0.009*** −0.007 0.001
2011
 Log(Industry Gain) −0.005 0.009 0.004
 Log(311 Calls) 0.224*** −0.046 0.178*
 Log(Crimes/Capita) 0.796*** 0.004 0.8***
 % Black 0.007*** −0.001 0.006***
 % Latino 0.008*** 0.001 0.009***
 % Criminal Age −0.002 −0.009 −0.011
 % Poverty 0.011*** 0.003 0.014***
 % Female Head 0.008** −0.002 0.006
2012
 Log(Industry Gain) −0.001 −0.011 −0.012
 Log(311 Calls) 0.205*** −0.095 0.11
 Log(Crimes/Capita) 0.761*** 0.058 0.819***
 % Black 0.007*** 0 0.007***
 % Latino 0.007*** −0.002 0.005*
 % Criminal Age −0.002 −0.002 −0.004
 % Poverty 0.01*** 0.011*** 0.021***
 % Female Head 0.012*** −0.015* −0.003

Direct Indirect Total

 Log(Crimes/Capita) 0.62*** −0.464*** 0.156
 % Black 0.006*** 0.002 0.008***
 % Latino 0.004* −0.005 −0.001
 % Criminal Age 0.015** −0.002 0.013
 % Poverty 0.011*** 0 0.011
 % Female Head 0.012** −0.017 −0.004

*p < .1. **p < .05. ***p < .01.

(continued)

Table 4. (continued)
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their neighborhoods, specifically about crime. The dislocation of policing 
from these changing neighborhoods to adjacent neighborhoods would be con-
sistent with these preferences.

In addition to the main result, the analysis finds significant yet weaker 
effects for the continuous operationalizations of gentrification. Change in the 
share of the population with college degrees and employed in postindustrial 
occupations is associated with higher stopping rates but weakly so. These 
smaller effects may offer evidence of the place-based policing strategies sug-
gested by the hypothesis. Officers may not mechanistically respond, tract by 
tract, to demographic shifts and change. Rather, they dramatically ramp up 
postindustrial policing practices in targeted and specific city districts that are 
well known to them to be in the midst of change.

The analysis also uncovers comparatively weaker effect for 311 calls on 
stopping rates. This finding suggests that the higher stopping rates observed 
in gentrifying tracts are not principally explained by higher rates of citizen 
demand for police intervention or OMP in these neighborhoods. This sug-
gests that the mechanisms presented in Vitale (2008), in which individual 
and community-level mobilization, political lobbying, and expressed 

Direct Indirect Total

2013
 Log(Industry Gain) −0.013 −0.031 −0.045
 Log(311 Calls) 0.134*** −0.088 0.045
 Log(Crimes/Capita) 0.814*** −0.194** 0.62***
 % Black 0.006*** 0.002 0.007***
 % Latino 0.005*** −0.009*** −0.004
 % Criminal Age 0.005 −0.007 −0.002
 % Poverty 0.012*** 0.008 0.02***
 % Female Head 0.006 −0.001 0.005
2014
 Log(Industry Gain) −0.016 −0.012 −0.028
 Log(311 Calls) 0.183*** 0.042 0.225*
 Log(Crimes/Capita) 0.62*** −0.669*** −0.048
 % Black 0.006*** 0 0.006**
 % Latino 0.003 −0.009** −0.006
 % Criminal Age 0.013** 0.025 0.038*
 % Poverty 0.013*** −0.004 0.009
 % Female Head 0.011** 0.001 0.013

*p < .1. **p < .05. ***p < .01.

Table 5. (continued)
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demand significantly affected police behavior and initiatives, do not 
explain much of the contemporary spatial variation in OMP in New York 
City. It may be that elite-level decision making is an important additional 
factor in explaining policing intensity in gentrifying neighborhoods, con-
sistent with the mechanisms characterized in Gibson (2004). The results 
presented here, however, do not give affirmative evidence of this relation-
ship, and more empirical work is needed to test it. At the same time, the 
comparatively weak relationship between 311 calls and stopping intensity 
may be due to the existence of additional pathways through which citizens 
can express their preferences to the police and the greater rationalization 
of police deployment through COMPSTAT (computer statistics for police 
departments). Police may be more sensitive to community members in 
face-to-face police-community accountability meets than to relatively 
anonymous 311 calls. Police may also view 311 calls as a less informative, 
reliable, or useful means to achieve crime reduction than data coming from 
COMPSTAT, which attempts to optimize police deployment and behavior 
to achieve crime reductions.

The results also present evidence that both the threat and rational-bureau-
cratic perspectives explain the spatial distribution of police stops under Stop, 
Question, and Frisk in New York City. Tract-level stopping rates closely fol-
low tract-level crime rates. At the same time, the share of the Black American 
and Latino-American population, as well as percentage of families living in 
poverty, are strongly associated with Stop and Frisk rates.

Finally, the results have interesting implications for the literature on the 
relationship between crime and gentrification. Although some studies in this 
literature find that gentrification is positively associated with crime (Boggess 
and Hipp 2016), others find that it is negatively associated with crime (Barton 
2016), while still others find both positive and negative associations (Lee 
2010; Papachristos et al. 2011). The descriptive results presented here sug-
gest that crime is higher in gentrifying neighborhoods, although the analysis 
does not partial out the impact of other explanatory factors. More interesting, 
however, may be the finding that gentrification is associated with lower 
police stopping intensity in the changing tract and higher stopping intensity 
in nearby neighborhoods, suggesting that both increases and decreases in 
crime are possible, but occur in different spatial locations. This would be 
somewhat consistent with Boggess and Hipp (2016), who find a positive 
association between gentrification and crime in Los Angeles from 1990 to 
2000, but importantly note that this effect is much more pronounced in gen-
trifying tracts that lie adjacent to nongentrifying, “lower status” tracts. Future 
works in both of these literatures should be attentive to the spatial dimensions 
and processes at work.
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Notes

 1. Other new strategies developed in this era of reform included community polic-
ing, which emphasized significant communication and collaboration between 
community members and the police, and problem-oriented policing, which 
encouraged police to be proactive in addressing the causes of crime rather than 
simply reacting to them. Clearly, these strategies are not mutually exclusive, and 
reforming departments often blended two or more approaches (Willis 2014).

 2. Multiple explanations have been proposed to explain the origins of this new 
punitive attitude. Kelling and Coles (1997) identify its origin in middle-class 
backlash against the social movements of the 1960s and 1970s and “liberal per-
missiveness” of disruptive behavior associated with those movements; Alexander 
(2010) identifies White racial resentment of African-Americans and sociopoliti-
cal gains they made during the Civil Rights and Black Power Movements as the 
principle origin; and both Garland (2001) and Simon (2007) argue in part that 
fear of crime and perceptions of economic insecurity produced a demand for 
more intensive crime control and state practices that would reduce risk.

 3. Some measures of gentrification use changes in house valuation, rather than rent, 
in their coding. Changes in rent prices should be preferred in an analysis of New 
York City, however, as they more immediately reflect notions of displacement 
and neighborhood transition implied by gentrification: Increases in house valu-
ation do not imply or demand shift in who occupies the house or their income 
quite as immediately as shifts in rent.

 4. Notably, I do not include a proxy for gentrification that incorporates racial change 
over time, as this is a central source of debate in the literature. As I demonstrate 
in the text, my coding of gentrification nevertheless seems to capture the implied 
shift in racial composition generally associated with gentrification without select-
ing for it.

 5. Sharp (2013) does not present an explanation for her use of the occupation- and 
industry-based measures from the Census or summarize where else these mea-
sures have been used. The use of occupational categories is similar to Atkinson’s 
(2000) study of gentrification in Greater London and is consistent with the 
underlying theoretical mechanism proposed. However, this proxy for gentrifi-
cation or neighborhood change is almost completely absent from Zuk et al.’s 
(2015) review of the gentrification literature in the United States, and it is not 
widespread. I include both here for consistency across tests of the hypothesis.
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 6. The 311 data are not an exhaustive measure of resident calls to the police related 
to order maintenance offenses; residents can still call 911 to report them, and 
these calls are not included in the 311 database. An empirical comparison of city-
wide 911 and 311 order maintenance policing (OMP)-related call rates, however, 
suggests that as much as 90% of OMP calls are first directed to 311, making the 
311 call data a strong proxy for these calls.

 7. Accessed January 5, 2017. https://nycopendata.socrata.com/Social-Services/ 
311-Service-Requests-from-2010-to-Present/erm2-nwe9/data.

 8. All felonies except rapes, which are not geolocated in the data set, are included in 
these counts. Crimes where no X–Y coordinates were recorded are also dropped.

 9. Accessed January 5, 2017. http://www1.nyc.gov/site/planning/data-maps/open-
data.page.

10. The results of the robust Lagrange Multiplier test can be somewhat inconclusive 
as to which spatial model, error, or lag to select. LeSage and Pace (2009) advo-
cate for the use of the spatial Durbin model, a more generalized form of both 
the spatial lag model and error models, when Robust Lagrange Multiplier tests 
give evidence of spatial lag and error. As Elhorst (2010) notes, the spatial Durbin 
model has the distinct advantage of producing unbiased coefficient estimates 
even if the true data-generating process is a spatial error model or a spatial lag 
model and notes its ability to model two spatial processes as opposed to one. It 
also does not impose prior restrictions on the magnitude of the potential spatial 
spillover effects as does the spatial lag model.

11. Throughout the analysis, the principle comparison of interest is between tracts 
that could gentrify but did not, and those that did gentrify or experience gentri-
fication. This comparison gives an indication of the effect of gentrification on 
marginalized tracts, which is the central theoretical concern.

12. Most significantly, legal challenges to New York’s Stop and Frisk program alleg-
ing racial bias produced a dramatic reduction in stops starting in 2013, while 
the election of the progressive and Democratic Bill de Blasio in 2014 may have 
further introduced substantial differences in police behavior in these years.
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