
Article

Public and Private
Spheres of
Neighborhood
Disorder: Assessing
Pathways to Violence
Using Large-scale
Digital Records

Daniel Tumminelli O’Brien1,2

and Robert J. Sampson2

Abstract
Objectives: ‘‘Broken windows’’ theory is an influential model of neighbor-
hood change, but there is disagreement over whether public disorder leads
to more serious crime. This article distinguishes between public and private
disorder, arguing that large-scale administrative data provide new opportu-
nities to examine broken windows theory and alternative models of neigh-
borhood change. Method: We apply an ecometric methodology to two
databases from Boston: 1,000,000þ 911 dispatches and indicators of phys-
ical disorder from 200,000þ requests for nonemergency services. Both
distinguish between disorder in public and private spaces. A cross-lag
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longitudinal analysis was conducted using two full years of data (2011–
2012). Results: The two databases provided six dimensions of physical and
social disorder and crime. The cross-lag model revealed eight pathways
by which one form of disorder or crime in 2011 predicted a significant
increase in another in 2012. Although traditional interpretations of broken
windows emphasize the role of public disorder, private conflict most strongly
predicted future crime. Conclusions: Our results describe a social escalation
model where future disorder and crime emerge not from public cues but
from private disorder within the community, demonstrating how ‘‘big data’’
from administrative records, when properly measured and interpreted,
represent a growing resource for studying neighborhood change.

Keywords
quantitative research, research methods, urban crime, communities and
crime

Urban researchers and criminologists have long noted the salience of physical

and social disorder in public spaces, such as litter, graffiti, loitering, and public

drunkenness. Whether the nineteenth-century research of Booth (1889), the

treatise of Wirth (1938) during the heyday of the Chicago School, Sennett’s

(1970) work on the ‘‘uses of disorder’’ in the 1970s, or Skogan’s (1990) major

statement on disorder near the end of the twentieth century, urban disorder has

been an animating concept in scholarly debates on the understanding of cities.

It was the seminal article of Wilson and Kelling (1982), however, that

launched disorder to the public stage. Writing in The Atlantic, they invoked

the powerful metaphor of ‘‘broken windows’’ to capture the idea of public

disorder and its hypothesized link to the unraveling of public spaces. Wilson

and Kelling asserted that visual cues of disorder provoke fear among urban

residents and that disorder begets predatory crime and neighborhood

decline.1 As a basic description of the urban landscape, the broken windows

claim of a connection between high levels of disorder and crime has largely

been supported (see especially Skogan 1990; Taub, Taylor, and Dunham

1987; Taylor 2001). Neighborhoods characterized by social and physical

disorder also suffer from a variety of other maladies that are less immedi-

ately visible but still important, like poor health, high rates of school drop-

out, lack of trust, and public cynicism (Sampson 2012).

Where disagreement has emerged is around the meaning of disorder and

the pathways by which it is—or is not—linked to crime and neighborhood
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decline. Traditional interpretations of broken windows theory argue that dis-

order precipitates a cycle of ‘‘disorder and decline,’’ as it has been dubbed by

Skogan (1986, 1990). In this model, disorder signals to others a space that is

not well monitored and where crimes might be perpetrated with impunity, in

turn encouraging delinquent behavior by potential offenders and inducing

fear among residents, hindering the ability of the community to combat fur-

ther incivilities and crime. A large body of research is ambiguous on the cen-

tral claim of broken window theory—some scholars have found direct links

of disorder with crime, others none, and still others a conditional relation-

ship.2 This work includes studies that have measured neighborhood condi-

tions at a given time point or tracked disorder longitudinally (Fagan and

Davies 2000; Markowitz et al. 2001; Perkins et al. 1993; Steenbeek and Hipp

2011; Taylor 2001) and experimental work on behavioral responses to disor-

der (Keizer, Lindenberg, and Steg 2008; O’Brien and Wilson 2011). Another

line of work has argued that disorder and crime are correlated because they

both arise from common sources, such as structural disadvantage or a com-

munity’s collective efficacy (Sampson and Raudenbush 1999).

Despite much research, the body of work on broken windows theory

leaves open the central question: Does disorder contribute to the ongoing

decline of a neighborhood? And, if so, through what behavioral and social

pathways does it do so? The contribution of the present article is to intro-

duce a novel data source to addressing this question. As we discuss more

in the next section, the advent of large administrative data sources, referred

to popularly as ‘‘big data,’’ provides for detailed assessments of various

components of disorder across time and space, and hence the opportunity

to track them longitudinally in relation to cycles of violence, potentially

shedding new light on the predictive analytics of broken windows.

Extending Research on Broken Windows in the Age of
Big Data

The ‘‘Age of Big Data’’ has been widely proclaimed (Anderson 2008; Boyd

and Crawford 2011; Lazer et al. 2009). From cell phone and e-mail records,

to weather stations and traffic sensors, we are constantly generating digital

traces of attitudes, behaviors, interactions, and conditions throughout soci-

ety. Nowhere is this more apparent than in cities, where there exists the

greatest volume of activity to track, as well as the highest density of tech-

nology to do so.

Despite the strong claims about the potential for big data (Anderson

2008), the promised transformation to the social sciences has been slow
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in coming. A key challenge is that large-scale administrative data are not

created for research purposes—it is not clear what they measure or how they

are relevant to substantive questions. Consequently, it will take effort and

care to develop new methodologies that take specific data sets of interest

and properly incorporate them into any science, be it criminological or oth-

erwise. Yet, given the volume and detailed content of digital data, we

believe that advances are possible. In the current case, we build on prior

criminological work using calls for service to measure crime (e.g., Klinger

and Bridges 1997; Sherman, Gartin, and Buerger 1989; Warner and Peirce

1993) and on methodological advances in ecometrics (Raudenbush and

Sampson 1999) to develop a methodology for generating longitudinal mea-

sures of disorder. Ecometrics is increasingly used in criminological studies

of surveys or observational instruments, but the models articulated by Rau-

denbush and Sampson (1999) were intended for researchers to construct and

administer protocols for data collection that would reliably capture a partic-

ular characteristic of a neighborhood. They did not confront the task of

constructing ecometrics from preexisting administrative data. Moreover,

using 311 or 911 calls to measure multiple dimensions of disorder

introduces measurement issues distinct from crime.

Taking up this challenge, O’Brien, Sampson, and Winship (2015) have

proposed a methodology for ecometrics in the age of digital data, identify-

ing three main issues with such data and articulating steps for addressing

each. These are (1) identifying relevant content, (2) assessing validity, and

(3) establishing criteria for reliability. They illustrated this approach by

measuring physical disorder from over 300,000 requests for nonemergency

government services received by Boston, MA’s Constituent Relationship

Management (CRM) system over a 2.5-year period. The first issue, content,

arose from one of the purported strengths of digital data—they were too rich

in information to be immediately useful. Distinct from the limited forms of

crime (e.g., robbery, assault, and burglary) that have been used in calls-for-

service data, the authors identified an initial set of 178 different types of

requests and then isolated 33 indicators reflecting deterioration or denigra-

tion to public spaces. Following Raudenbush and Sampson’s (1999) analy-

tic logic, further analysis produced two subfactors: private neglect,

including housing issues (e.g., pests), the uncivil use of private space

(e.g., illegal rooming houses or parking on lawns), and complaints about big

buildings (i.e., condos), and public denigration, including requests for graf-

fiti removal and issues regarding the improper storage or disposal of trash.

Second, O’Brien et al. (2015) noted the concern of validity for any mea-

sure based on constituent calls. Analogous to measurement error in using
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police calls to measure traditional index crime, if neighborhood residents

systematically differ in their tendency to report issues such as graffiti or

public intoxication, the resultant measures will be biased.3 To address this

issue, the authors examined independent neighborhood audits to measure a

‘‘civic response rate’’ that was used to calculate an adjustment factor for

calibrating the call-based measures and thus better reflecting objective con-

ditions. The adjusted measures of private neglect and public denigration

correlated strongly with other indicators of blight, establishing construct

validity.

Third, administrative data do not come with guidelines regarding the

spatial or temporal windows at which they are most appropriately measured

(Hipp 2007), meaning researchers must establish criteria for reliability

themselves. O’Brien et al. (2015) assessed the reliability of both private

neglect and public denigration at different time intervals and concluded that

they could be reliably measured every six months for census block groups

(CBGs) and every two months for tracts.

In sum, O’Brien et al. (2015) provided an initial demonstration of the

opportunity administrative records hold for ecometrics, that is, the database

supported a multidimensional measure where protocols typically capture a

single dimension, including a way to access conditions on the inside of

houses, away from public view; and the authors’ procedures can be repli-

cated longitudinally with relative ease and for minimal cost, because the

data are generated continuously by the city’s call centers. These simple

facts stand in stark contrast to the extensive time and effort associated with

whole-city or community surveys and observational studies.

Strategy and Hypotheses

The current study extends the methodology of O’Brien et al. (2015) to a

database of over one million 911 dispatches, adding to their measures of

physical disorder a set of metrics regarding social disorder and violent

crime. We then examine a longitudinal model to assess the pathways

through which these various indicators of disorder and crime predict neigh-

borhood decline.

First, we anticipate that the 911 database will generate multiple measures

of social disorder (e.g., about public intoxication and disturbances) that are

conceptually and statistically distinct from crime (e.g., gun violence and

robbery). Second, drawing on O’Brien et al.’s (2015) distinction between

public denigration and private neglect—or what might be considered ‘‘hid-

den’’ disorder that is outside of public view—we hypothesize that the 911
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data document important aspects of violence that will be similarly divided

between elements that are visible in public spaces and those that occur in

private spaces. We focus in particular on private conflict (e.g., domestic

violence) and tenant-landlord disputes.

To examine these initial hypotheses, we identify case types in the 911

system that are relevant to the respective dimensions of crime and disorder

and subject them to factor analysis, distinguishing our methodology from

previous work that mostly focuses on behavior in public spaces or on calls

about crime. With a measurement model of the dimensions of social disor-

der and crime in hand, we then examine the correlations between the newly

constructed measures and other, external indicators, with the goal of estab-

lishing construct validity. As a last measurement step, we assess reliability

characteristics for all factors.

Our intent, however, is not just to develop new ecometrics of disorder,

but to leverage them for the substantive study of the dynamic relationship

between broken windows and crime. To this end, our final set of analyses

focus on longitudinal prediction models that combine metrics from the

911 and CRM databases with other relevant measures of the demographic

and social structure of the neighborhoods, asking whether and how disorder

and crime reinforce each other in an ongoing cycle of neighborhood

decline. This question is critical, because policing strategy has increasingly

and explicitly moved to predictive analytics. Indeed, strong claims have

been made for the ability of police departments to predict future crimes

based on the location and type of prior crimes (http://www.predpol.com/),

and we know that ‘‘hot spot’’ analysis of crime events has informed policies

on the allocation of patrols (Weisburd, Groff, and Yang 2012). But how do

indicators of broken windows fare in the prediction of future crime?

According to the signaling mechanism central to broken windows theory,

public or visible cues of disorder should have independent predictive power

beyond that of crime itself. We test this hypothesis directly. In addition, we

examine if and how the hypothesized elements of violence and disorder that

are private or hidden in nature are predictive of future levels of public dis-

order and crime, potentially presenting alternative pathways of neighbor-

hood decline.

To summarize, we first develop a measurement model and then test

whether and how our derived measures of physical disorder, social disorder,

and private conflict predict future neighborhood disorder and violence,

controlling for relevant factors such as neighborhood demography and collec-

tive efficacy. Given the prominent place that visible forms of public disorder

hold in broken windows theory, in that they offend ordinary citizens and draw
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potential offenders from outside the community, we pay specific attention to

the ability of public cues of disorder to predict increases in future disorder and

crime. We also assess the ability of private disorder to predict future disorder

and crime, a question that while theoretically important has been far less stud-

ied. Finally, we go beyond the interpretation of discrete cross-time effects and

emphasize their composite, looking for evidence of longer-term trajectories or

feedback loops that would indicate pathways for the unraveling of a neighbor-

hood. Overall, we view our analyses as both an examination of broken win-

dows theory and a further step toward incorporating the use of large-scale

administrative data in criminology.

Data and Measures

The current study focuses on a window spanning the years 2011 and 2012. In

this period, Boston generated 1,165,264 911 dispatches (1,022,150 with geo-

graphic reference) categorized into 381 different case types. Case types,

intended to capture the nature of the emergency, were determined from a stan-

dardized list at time of dispatch. A subset of types reflected instances of social

disorder (e.g., disturbance and public intoxication) and crime (e.g., robbery and

shooting). Other case types were less relevant (e.g., cardiac arrest). Each case

record included the date of the dispatch and the address or intersection where

services were required. Cases were attributed to the appropriate census geogra-

phies (both census block groups (CBGs) and tracts; from the 2005 to 2009

American Community Survey, the most recent census with socioeconomic data

when the database was built), which we used to approximate neighborhoods.

The main measures for analysis were rates of events (per 1,000 inhabitants).

The longitudinal analysis and validation utilized neighborhood-level

measures drawn from four other databases:

1) Homicide records were provided by the Boston Police Department

(n ¼ 113 events in 2011–2012). Because of their overall rarity,

counts were used instead of rates.

2) The CRM system was used to measure the two aspects of physical dis-

order, private neglect and public denigration, drawn from a database

of 281,921 requests for service in 2011 to 2012. Private neglect was

comprised of cases that captured housing issues (e.g., rodent infesta-

tion), uncivil use of private space (e.g., illegal rooming house and ille-

gal parking on yard), and problems with big buildings (i.e., apartments

and condos). Public denigration was comprised of cases reflecting

graffiti and the improper disposal of trash. Neighborhood-level
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measures were calculated in two steps. First, counts of all events in

each category were tabulated. Second, they were adjusted using the

neighborhood’s estimated civic response rate, which was based on the

proportion of residents who had a registered account with the system

and had made at least one call referencing a public issue (vs. only

using it for personal needs, like requesting a bulk-item pickup; see

O’Brien et al. 2015).

3) Demographic measures, including median income and ethnic com-

position, were accessed from the census’ American Community

Survey (2005–2009 estimates).

4) The Boston Neighborhood Survey (BNS) provided a measure of

collective efficacy (i.e., cohesion between neighbors and their abil-

ity to enforce local social norms). The BNS was a telephone survey

that recruited participants by random-digit dial. Here, we use the

2010 wave (N¼ 1,718). Its content and methodology were modeled

after the community surveys designed by the Project on Human

Development in Chicago Neighborhoods (Sampson 2012:83-84).

Collective efficacy was calculated as an aggregate of residents’

responses, controlling for individual-level demographic characteris-

tics (gender, age, ethnicity, and parental status).

Measurement Model for Social Disorder and Crime

We first identified 41 case types reflecting social disorder or crime.

Neighborhood-level rates for each were calculated for a single calendar

year (2011), based on the intention to use this as the temporal unit of mea-

surement throughout. These were examined using exploratory factor anal-

ysis, with CBGs as the unit of analysis (in order to permit sufficient

sample size; N ¼ 542). In this process, 20 of the case types were removed

for one of three reasons: (1) they were too infrequent to be meaningful (e.g.,

carjacking), (2) they failed to load on any factor, and (3) they were too gen-

eral and had a strong relationship with every factor (e.g., disturbance). Two

others that both indicated that a person had been shot were combined.

The analysis of the remaining 20 items suggested five factors. Each cap-

tured a particular theme, but some also included one or more items whose

content was not entirely consistent with the others. This result is to be

expected because of the various potential pathways of shared or mutual cau-

sation that might exist between different types of disorder and crime. We

modified the factors to reflect five internally consistent and theoretically

appropriate measures:
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� Public social disorder, such as panhandlers, drunks, and loud

disturbances;

� Public violence that did not involve a gun (e.g., fight);

� Private conflict arising from personal relationships (e.g., domestic

violence);

� Prevalence of guns violence, as indicated by shootings or other inci-

dents involving guns; and

� Alcohol, including public drunkenness or public consumption of

alcohol.

Alcohol shared many items with public social disorder and its unique var-

iance was concentrated in regions with many bars in the downtown region;

overall, it was not relevant citywide. For this reason, a final confirmatory fac-

tor analysis examined only the first four factors, showing good fit (items and

loadings in Table 1; comparative fit index [CFI]¼ .94, Tucker–Lewis index

[TLI] ¼ .91, standardized root mean square residual [SRMR] ¼ .05).4

To establish construct validity, we examined the correlations between

these four measures and other indicators of blight from the CRM database,

the BNS, and the American Community Survey. From here on, in order to

position our results to be maximally comparable to other studies, we ana-

lyze at the more traditional level of census tracts. In addition, we limit to

residential areas (N ¼ 121 tracts), excluding downtown and institutional

regions (e.g., college campuses), because these areas generate idiosyncratic

patterns and few community surveys. The correlations between the four

measures derived from 911 dispatches and the other indicators of blight

were as theoretically expected (see Table 2). In particular, guns, private

conflict, and public violence were strongly associated with lower median

income, higher proportion Black, and lower collective efficacy (magnitude

of r’s¼ .27–.81, all p values < .01). Additionally, these measures were asso-

ciated with physical disorder, including strong correlations with private

neglect (r’s ¼ .54–.71, all p values < .001), and moderate correlations with

public denigration (r’s ¼ .27–.36, all p values < .01). Public social disorder

had a somewhat different profile, featuring lower correlations with demo-

graphic and social characteristics (magnitude of r’s ¼ .10–.30, two of the

four p values < .05) and private neglect (r ¼ .15, p < .10), but one of the

stronger correlations with public denigration (r ¼ .33, p < .001).

As a final step, we examined the reliability of the four measures at

the neighborhood level by splitting up the two-year database into equal

intervals and evaluating the consistency between measures of the same

neighborhood relative to the overall variation. We performed this test
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iteratively, varying the size of the time window in order to identify the

smallest interval that achieved a sufficient level of within-neighborhood

consistency. All four measures achieved moderate to high intra-

neighborhood consistency for four-month windows (intraclass correla-

tion coefficients > .75). In addition, neighborhoods could be reliably

differentiated from each other in each model (all ls > .85), indicating

that any larger window of aggregation will be able to provide reliable

measures—including the yearlong windows we use in the proceeding

analysis.

Longitudinal Results

We used structural equation models to evaluate cross-time or ‘‘cross-lag’’

relationships (Kenny 2005) between the two measures of physical disorder

Table 1. Case Types Included in the Final Four-factor Model of Social Disorder and
Crime, Including Loading on Factor and Frequency in 2011.

Case Type
Count
(2011)

Factor
Loading Case Type

Count
(2011)

Factor
Loading

Public social disorder Private conflict
Intoxication: individual 1,148 .76 Domestic violence

intimate/partner
5,151 .89

Drunks causing
disturbance

916 .81 Landlord/tenant
trouble

668 .52

Panhandler 673 .59 Vandalism report 3,673 .61
Sex offense/lewd

behavior
787 .55 Violent restraining

order
997 .61

Vandalism in progress 805 .62

Public violence Prevalence of guns
Assault and battery in

progress
2,793 .87 Assault and battery

with deadly
weapon

116 .42

Assault and battery
report

1,651 .68 Person with a gun 776 .83

Armed robbery 409 .56 Shots 854 .68
Emotionally disturbed

person: violent or
injured

6,169 .61 Person shot 491 .59

Fight 5,906 .97
Person with knife 823 .68

Note. N ¼ 542 census block groups.
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from the CRM data and the four measures of social disorder and crime from

the 911 dispatch data. Again, we limited the analysis to census tracts that are

primarily residential (final N ¼ 121). The model had three layers. First, the

2011 measures were regressed upon important contextual factors that prior

research tells us influence levels of disorder and crime: median income, per-

centage Black, percentage Hispanic, and collective efficacy. The 2012 mea-

sures were then regressed upon all of the 2011 measures, as well as the four

control measures. Finally, the model was trimmed to only include signifi-

cant predictors, producing a final model with strong fit (CFI ¼ .98, TLI

¼ .97, SRMR ¼ .06). Given our substantive interests here, we only report

the following three classes of parameters from the model: (1) measures of

disorder and crime in 2011 predicting the corresponding measure in 2012,

(2) measures of disorder and crime in 2011 predicting other measures of dis-

order and crime in 2012, and (3) error covariances between measures of

disorder and crime from the same year.5

We center our discussion on the second of these three classes, as

these are reflective of cycles of disorder and decline. Eight such para-

meters emerged (excluding the homicide path, to be discussed),

depicted schematically in Figure 1. In four of these eight, the predictive

measure was private conflict in 2011. In order of effect size, private

conflict was associated with increases in public social disorder (B ¼ .33,

p < .001), guns (B ¼ .19, p < .05), public violence (B ¼ .17, p < .01), and

private neglect (B¼ .15, p < .05). Reciprocally, guns in 2011 predicted ele-

vated levels of private conflict in 2012 (B¼ .33, p < .001). Public violence

in 2011 had two cross-time patterns, predicting increases in guns (B ¼
.20, p < .01) and public social disorder (B ¼ .22, p < .10). Finally, pub-

lic social disorder predicted increases in public violence (B ¼ .11, p <

.01), but this estimate was the smallest in the cross-time models. Nota-

bly, the measures of physical disorder in 2011 did not predict changes

in any of the other measures across time.

As a last step, we expanded the analysis to include counts of homi-

cides using a zero-inflated Poisson distribution. Two sets of parameters

were estimated, that is, whether a tract had any homicides; and, if there

was at least one homicide, how many occurred. Significant predictors

emerged only for counts, with guns in 2011 predicting more homicides

in 2012 (odds ratio ¼ 2.89, p < .01), controlling for homicides in 2011

(odds ratio ¼ 1.30, p < .05). Notably, the prevalence of guns was a

stronger predictor than the assumption of stability in homicide counts

across time. Homicides in 2011 did not predict any other measures of

disorder or crime in 2012.
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Implications of Using Big Data to Study Neighborhood
Change

Criminologists and others studying urban neighborhoods have long theo-

rized about the dynamic processes responsible for neighborhood change and

Table 3. Complete Parameter Estimates from Structural Equation Model Testing
Cross-time Relationships between Measures of Disorder and Crime, Accounting for
Contextual Factors.

Effect Estimate Effect Estimate

Stability (2011 ! 2012) Cross-time effects (2011 ! 2012)
Private neglect .76*** Private conflict ! private

neglect
.15*

Public denigration .63*** Public violence ! public
social disorder

.22*

Public social disorder .55*** Private conflict ! public
social disorder

.33***

Public violence .63*** Public social disorder !
public violence

.11**

Private conflict .61*** Private conflict ! public
violence

.17**

Guns .41*** Guns ! private conflict .33***
Public violence ! guns .20**
Private conflict ! guns .19*

Covariances (single time point)
Private neglect $ public

denigration (2011)
.44*** Public social disorder $

public violence (2012)
.33***

Private neglect $ private
conflict (2011)

.19** Public violence $ private
conflict (2011)

.59***

Private neglect $ public
denigration (2012)

.26** Public violence $ guns
(2011)

.61***

Public social disorder $
private conflict (2011)

.43*** Public violence $ private
conflict (2012)

.19*

Public social disorder $
public violence (2011)

.78*** Private conflict $ guns
(2011)

.56***

Public social disorder $
guns (2011)

.42*** Private conflict $ guns
(2012)

.18þ

Note. N ¼ 121 residential census tracts. Model includes baseline controls for median income,
racial composition, and collective efficacy predicting both 2011 and 2012 measures. Model fit
statistics: comparative fit index ¼ .98, Tucker–Lewis index ¼ .97, standardized root mean
square residual ¼ .06.
þp < .10. *p < .05. **p < .01. ***p < .001.
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stability, but the challenge of testing such hypotheses longitudinally has

thwarted empirical progress. The current study has demonstrated one way

that large-scale administrative data might be leveraged in this effort; taking

an ecometric approach, we translated over one million records of calls in Bos-

ton into a diverse set of measures spanning physical disorder, social disorder,

and crime. The data are continuous, supporting measurement at various time

intervals and spatial scales, and they provide multiple measures of disorder

and crime that can be reliably and validly analyzed with cross-time models.

To our knowledge, this is the first study in which large-scale administra-

tive records—a form of big data—were systematically joined with eco-

metrics to study the dynamics of broken windows theory. The measures

of social disorder and crime generated by the 911 dispatch data highlighted

the advantages of 311 call data in a manner extending O’Brien et al.’s

(2015) initial ecometric work with Boston’s CRM data. Not only did the

measurement model uncover multiple dimensions, it also distinguished

between incivilities in public versus private spaces—demonstrating how

call records can ‘‘see’’ things in private that would be difficult to measure

using neighborhood audits or other traditional methodologies. Further, the

ability afforded by the data to test a broad set of cross-time relationships

highlighted the possibility that the unraveling of a neighborhood is not the

product of any single mechanism, but of multiple concurrent mechanisms

that drive change.

The same characteristics that enabled this study make the data poten-

tially useful to other questions surrounding the study of disorder and crime.

Their specificity could support microspatial analyses of hot spots (Braga,

Hureau, and Papachristos 2011; Braga, Papachristos, and Hureau 2010); the

continuous data streams could track outcomes in future policing experi-

ments and other neighborhood interventions; and the calls themselves might

even be used as indicators of the care and responsibility individuals take for

the public space (O’Brien 2015). Thus, as noted at the outset, our study is a

first step, one intended to set the groundwork for continued efforts to lever-

age administrative data in the study of neighborhood dynamics.

There are nonetheless several limitations and qualifications to our study

that we wish to address. The first qualification is that the utilization of large-

scale digital data to study crime and disorder is intended to complement

existing approaches, not replace them. For this reason, we have argued that

this study is meant to both assess broken windows theory and broaden its

empirical basis, contributing to a future research agenda using new indica-

tors of disorder. We would emphasize that the possibilities go well beyond

call data. For example, visual data on disorder are now available on streets
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around the world in Google Street View, and methods have recently been devel-

oped to systematically and reliably code them (Hwang and Sampson 2014).

Second, we were only able to incorporate two time points of disorder and

crime, limiting the patterns that we can observe. If there are dynamic rela-

tionships between disorder and crime that operate at a temporal scale

greater than a single year, they are not captured in our data. Third, our pri-

mary focus on the interactions between disorder and crime has set aside the

roles of structural disadvantage and collective efficacy, something that

should be explored in future work. We controlled for their effects, in other

words, but did not probe the pattern of results.

Fourth, although measurement error was modeled and cross-lag models

provide an advantage in assessing neighborhood change, we do not claim to

have rigorously identified causation, especially given the possibility of unob-

served covariates or the existence of different causal lags (Singer and Willett

2003). However, it is important to reemphasize that a major issue of concern in

broken windows theory is precisely longitudinal predictions over time. Even if

we have not demonstrated causality, longitudinal patterns that run in opposite

directions from the theory are crucial. Indeed, that private conflict turned out to

be the major predictor of public violence, which in turn was more predictive of

public disorder than the reverse, is informative for assessing the predictions of

the theory and for predictive analytics in crime policy.6

Finally, our analysis describes a single city at a single time, and a robust

evaluation would require replications with additional time points and locales.

In this regard, we would note that in addition to the need for replication in

other cities, methods such as ours are dependent on cities that have good sys-

tems for fielding and analyzing calls for service. In cities like Boston where

government capacity and administration is strong, this is not a problem—in

fact, Boston boasts an ‘‘Office of New Urban Mechanics’’ that is devoted to

the quality of open city data. But no doubt many cities do not have the capac-

ity or the motivation to instate such systems, and thus are not soliciting and

compiling information about social or physical problems. The use of call data

also assumes consistency in decision rules for recording and retaining calls.

As administrative data continue to grow in popularity and sophistication,

long-term studies and multicity comparisons will become increasingly pos-

sible and create new opportunities to address these measurement issues.

Theoretical Synthesis and Implications

Within the limitations of our data, our results provide insights about the

dynamic predictions of broken windows theory. The longitudinal results
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identified nine different cross-time relationships between aspects of physi-

cal disorder, social disorder, and crime, and nearly all measures were

involved as either predictors or outcomes. Although we only have two time

points and we make no claims to having demonstrated causality, the find-

ings bear on how a neighborhood might gradually unravel. As denoted in

Figure 1, one pathway is from milder to more serious incivilities and

crimes, running from public social disorder to public violence to the preva-

lence of guns all the way to homicides. This incremental progression is con-

sistent with how broken windows theory is traditionally described.

There were also feedback loops implied by the results. One was limited

to public spaces, where social disorder and violence appear to share a reci-

procal effect. Another loop seemed rooted in personal relationships, as pri-

vate conflict and guns reinforced each other across time. Recent research

supports one part of this dynamic, with rates of gun ownership strongly pre-

dictive of nonstranger homicide rates but not stranger homicide rates (Sie-

gel et al. 2014). The feedback loop implicated in our model suggests that

private disorder spills into the public space, which then increases the inten-

sity of conflict in private spaces, if one follows the pathway from private

conflict to public violence to guns and then back.

At first blush, these patterns seem consistent with a traditional interpretation

of broken windows theory, whereby incivilities create a context that enables or

encourages more serious issues. The specific relationships did not follow clas-

sical formulations of the theory, however, which tend to emphasize the role of

disorder in the public sphere, primarily as a suite of visible cues that either

encourage further incivility or erode communitarian behavior (Skogan 1990;

Taylor 2001; Wilson and Kelling 1982). This signaling model has been embo-

died in broken windows policing initiatives that crack down on public incivi-

lities (Braga and Bond 2008; Harcourt and Ludwig 2006). It has also been the

basis of experimental and survey research on the behavioral impacts of visible

disorder (e.g., Drakulich 2013; O’Brien and Wilson 2011; Ross and Mirowsky

2001; Theall et al. 2013). For signaling to be the predominant explanatory

mechanism, public denigration to physical spaces and public social disorder

should be prominent in predicting cross-time relationships. This was not the

case, public denigration had no predictive power, belying the role of literal bro-

ken windows; and the link from public social disorder to later public violence

was half the magnitude of the reverse pathway from violence to social disorder.

Put more simply, both physical and social forms of public disorder were

weakly predictive of future violence and disorder, if at all.

Perhaps most interesting, private conflict was the strongest leading indica-

tor in the model, predicting increases in public social disorder, public violence,
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guns, and even physical disorder in privately owned spaces. These links in the

model appear to suggest an alternative pathway to neighborhood violence, one

we term the ‘‘social escalation’’ model, wherein the persistence and expansion

of disorder and crime percolate outward from the neighborhood’s social ecol-

ogy. Private conflicts, for example, domestic violence or friendship disputes

over money or girlfriends, can and do spill over into public spaces, be it on front

stoops or street corners, in bars or local parks. Likewise, both private conflict

and public violence are likely to increase in severity over time, leading to the

more consistent use of guns. Notably, this progression has been largely invisi-

ble to previous work because its primary antecedents occur behind closed

doors, out of view of many measurement techniques.

Integrating Social Escalation and Disorder Theory

Our analysis provides a new set of information and hypothesized mechan-

isms by which disorder and violence precipitate community change. One

mechanism, which has already been described, is that private conflict man-

ifests itself repeatedly, in different contexts or at new levels, reinforcing

itself over time. But this cycle of violence almost certainly is not the com-

plete story, as it would assume that the same interpersonal relationships and

individuals that create private conflict are responsible for the increases in

other aspects of disorder and crime.

An alternative mechanism, which is not mutually exclusive, is that the

initial levels of disorder and crime have an indirect effect, creating a context

within which new issues are able to emerge. There is precedent for this

approach in the original model of broken windows, as one of the proposed

pathways was that the fear induced by disorder would cause people to

remove themselves from the public sphere, in turn diminishing social ties

and trust in the community (Perkins et al. 1993; Skogan 1990; Wilson and

Kelling 1982). Consequently, the community would be unable to manage

public spaces, and increased disorder and crime would follow.

We were unable to measure social control at two different time points in

the present study and so this model could not be directly tested, but it has

been reported by other researchers. Using the British Crime Survey, Marko-

witz et al. (2001) found that both disorder and burglary predicted lower

cohesion at later time points. In a study of 10 years of data from Utrecht,

Steenbeek and Hipp (2011) reported a negative impact of disorder on the

community’s perceived potential for social control across time. This med-

iational model, with disorder first diminishing control, could provide an

indirect pathway for some of the findings seen here. For example,
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individuals who fight in public might not be the panhandlers and drunks that

create public social disorder in the future, but they may clear the space of

more positive influences.

An important consideration for either of these interpretations is the

individual-level process or processes that mediate these relationships. In the

signaling model, it is the information communicated by incivilities that sug-

gests to others the opportunity to do likewise. To better understand the

social escalation model, we turn to another literature looking at the mental

health consequences of disorder. One of the most consistent results in this

work is that disorder elevates stress levels, leading to a variety of other

sequelae, such as altered cortisol levels (Dulin-Keita et al. 2012) or shor-

tened telomeres in a person’s DNA (Theall et al. 2013), both of which are

important biomarkers of the amount of stress a person regularly experi-

ences. Other studies have found that the perception of higher disorder in

a neighborhood can lead to a sense of powerlessness and lack of trust (Ross

and Mirowsky 2001; Ross, Mirowsky, and Pribesh 2001), lower self-esteem

(Haney 2007), and depression (Brown and Bentley 1993). When analyzing

the Moving to Opportunity (MTO) experiment, Ludwig et al. (2012)

observed improvements in physical and mental health associated with mov-

ing out of poor, high-crime, and disorderly areas. Though many of these

studies point to community disorder in a general sense, only one study, to

our knowledge, has further specified the causal mechanism driving these

effects. Casciano and Massey (2012) used a quasi-experimental housing

program (similar to MTO) to evaluate neighborhood effects on anxiety.

They found that those who moved out of high-poverty neighborhoods and

into a mixed-income housing project experienced both less disorder and less

anxiety. The ameliorative effect of the new neighborhood, however, was

explained specifically by a diminishment in personally stressful life events,

as opposed to changes to the overall ambient environment.

In short, we theorize that a stressful social ecology like that reflected in

the private conflict measure might drive the behaviors of residents in a vari-

ety of ways, creating multiple consequences for the neighborhood as a

whole. People experiencing elevated stress might be more likely to come

into conflict, and this conflict could be more likely to erupt in violence.

Those under greater stress might also allow physical spaces to deteriorate

further or be less likely to take action on public social disorder. In turn, dis-

order as a generator of stress could potentially contribute to either direct or

indirect forms of social escalation that are in turn a pathway to further

neighborhood decline. If the results of our study are any guide, the

dynamics of social escalation and disorder thus merit future testing.
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Notes

1. The origin of broken windows theory is sometimes traced to the famous Zim-

bardo study from the 1960s, which placed an abandoned car a poor/working-

class neighborhood in the Bronx and one in a more affluent neighborhood in Palo

Alto. As reported in Zimbardo (2007), the car in the Bronx was quickly pillaged

whereas in Palo Alto the car sat untouched until Zimbardo and colleagues started

smashing windows. As Sampson (2013:17) argues, the interpretation drawn by

Wilson and Kelling of the Zimbardo experiment is contrary to the idea that one

broken window inevitably begets another, ‘‘[C]ontext was everything even at the

dawn of broken windows theory—the same cue of disorder, primed by design to

be identical, nonetheless triggered vastly different responses depending on the

neighborhood.’’

2. We set aside a detailed review of broken windows theory and research; see

Skogan (2015) and Welsh, Braga, and Bruinsma (2015) for an overview.

We also set aside the specific societal implications of ‘‘broken windows poli-

cing.’’ As Braga, Welsh, and Schnell (2013) observe, there is no consensus on what

broken windows policing means, and much of the experimental research relies
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on the random assignment of arrest strategies to crime ‘‘hot spots’’ (Braga and Bond

2008), where the mechanism in question is the behavior of law enforcement, not

disorder.

3. For an excellent discussion of measurement issues and validity in measuring index

crimes from call data, see Klinger and Bridges (1997) and Warner and Peirce (1993).

4. By comparison, a single-factor model (maintaining all additional covariances

between items in order to maintain equivalence) did not fit the data as well as the

four-factor model (comparative fit index¼ .76, Tucker–Lewis index¼ .72, stan-

dardized root mean square residual ¼ .11).

5. Although error covariances and contextual census-based factors are included in

the model, we do not present or discuss the specific parameters. Although the

findings largely conform to prior research, they also deviate on a number of

points, meriting more attention than space limitations allow us here. We are

therefore exploring this issue in another article. Our goal here is simply to con-

trol for major neighborhood correlates of crime in assessing pathways of

disorder.

6. We would note as well that the limitation on causal inference arising from poten-

tial unobserved covariates applies to all observational data. Experiments solve

this problem but face equally serious external validity limitations, and moreover,

existing experiments in criminology do not address the neighborhood-level

mechanisms at issue in this article.
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