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ABSTRACT 

 
A growing body of literature points to the relationship between neighborhood 

characteristics and social outcomes for its residents.  While much of this “neighborhood 

effects” research has focused on outcomes such as educational attainment and teen 

pregnancy, a nascent area of study is the direct link between growing up in a distressed 

neighborhood and criminal activity.  A separate area of research in its infancy is the link 

between suburbanization and crime trends in the urban core.  This study attempts to 

integrate these two areas of research into a coherent framework that explicates the 

complex and interrelated relationships between sprawl, middle class and white flight, 

distressed urban neighborhoods, and urban crime.  Specifically, this paper tracks 53 

U.S. cities and their metro areas from 1970 to 2000 and uses a series of ordinary least 

squares regressions to answer the question: Does sprawl concentrate the poor in urban 

centers and, if so, does this concentration of poverty exacerbate urban crime?  

The results of this analysis suggest that the link between crime and sprawl is 

much more complex than that previously posited.  It appears that increasing 

concentrations of urban poverty exacerbate sprawl, and that sprawl in turn exacerbates 

this concentration of poverty.  It is this concentrated poverty—which is both the cause 

and the result of sprawl—that plays an important role in determining crime trends. 
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Introduction 

 

In a 2000 survey conducted by the Pew Center for Civic Journalism, urban 

sprawl and crime tied for the top spot in a survey of Americans’ most important local 

issues (Burchfield, Overman, Puga and Turner 2005).  In the face of such overriding 

public concern, it is therefore striking that so little research has been done on the 

possibility of a link between the two.   

Yet circumstantial evidence of the link is everywhere.  During the period from 

1950 to 1980, eighteen of the country’s twenty-five largest cities experienced 

population declines, while suburban populations increased exponentially and the 

suburban-urban income gap widened (Jackson 1985).  Between 1970 and 1983, the 

median household income of city residents fell from 80 percent of their suburban 

counterparts’ to 72 percent  (Jackson 1985), and from 1970 to 1990 the number of U.S. 

census tracts in which more than 40 percent of the population lived in poverty increased 

from less than 1500 to more than 3400; the number of residents in these high-poverty 

tracts nearly doubled, from 4.1 million to over 8 million (Squires and Kubrin 2005).  

The flight of the middle class from the city to the suburbs and the increasing 

concentration of the poor in cities coincided with a large increase in crime, particularly 

that of a violent nature; according to the Bureau of Justice Statistics, the homicide rate 
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doubled between 1960 and 1990 (but subsequently fell substantially in the 1990s). All 

of this leads to an inevitable question: Might the link between sprawl and urban crime 

be more than circumstantial?  Could it in fact be causal?  Might it be that the 

suburbanization process causes such a substantial loss in urban neighborhoods’ middle 

class—and with them, their social and professional networks and role models for less 

fortunate youth—that the long-established relationship between lower socio-economic 

status and criminal activity is in effect magnified? 

Answering this question would be a purely academic exercise, of course, if 

sprawl were merely an organic, naturally occurring phenomenon unable to be 

influenced by public policy.  But it is not.  As Kenneth Jackson describes in his seminal 

work Crabgrass Frontier: The Suburbanization of the United States, the factors that 

gave impetus to suburbanization—general tax revenues being used to subsidize 

highway construction projects; the decline of public transportation systems; cheap 

industrial land on the urban fringes; mortgage financing favoring single, family 

suburban homes over multi-family central-city housing; and the redlining of 

neighborhoods with large numbers of blacks—were the result of public choices 

deliberately made.  The separation of income and racial groups was not an unforeseen 

consequence of federal and local housing and transportation policies, but one of the 

goals of many post-World War II policymakers. 

Even in today’s post-urban environment, with many of our public transportation 

systems dismantled and the suburban lifestyle a mainstay of American culture, the 
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discussion about the relationship between a city and its suburbs remains germane.  The 

debate is not only about whether past policies favored the exurban fringe over the urban 

core, but about whether future policies will attenuate or exacerbate the decline of our 

urban centers, and what the consequences will be for urban neighborhoods.  

Everywhere we see signs of the ambivalence Americans feel about the relationship 

between public policy and the physical and human environments we inhabit: in court 

cases over inclusionary zoning policies, in debates about the proper mix of funding for 

new highway construction and expanded public transportation, in referenda on smart 

growth initiatives and urban containment boundaries, in acrimonious zoning board 

hearings all over America.  Conflict over land use serves as a convenient smokescreen 

behind which we debate all of the important issues now circumscribed from the public 

sphere: race, poverty, and community.  This paper builds on two bodies of research—

the “neighborhood effects” literature and the sprawl-crime relationship literature—but 

is the first to link the two areas of inquiry into a comprehensive framework.   

 

A Review of the Relevant Literature 

 

Neighborhood Effects 

 

The “neighborhood effects” literature focuses on the relationship between 

neighborhood characteristics and outcomes for residents.  Much of the early literature 
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focused on educational and child-bearing outcomes.  Gladwell (2000) observed that 

contrary to the steady inverse relationship one would expect, a neighborhood’s teen 

pregnancy rate began to increase exponentially once the percentage of a neighborhood’s 

residents with professional jobs dipped below 2 percent.  Later, Harding (2003) 

matched 10-year-old participants in the longitudinal Panel Study of Income Dynamics 

(PSID) on the basis of race, gender, and the probability of living in a low-income 

neighborhood to determine the impact of living in a low-income neighborhood on two 

key adolescent outcomes: teen pregnancy and dropping out of high school.  He found 

that spending one’s adolescence in a high-poverty (>20% below poverty line) census 

tract doubled the probability of teen pregnancy and slightly more than doubled the 

dropout rate for African-American adolescents, compared to their peers in low-poverty 

(<10% below poverty line) census tracts.  While the magnitude of these effects was 

slightly higher than for nonblack teens, the differences in coefficient estimates were not 

statistically significant.  Although it presents robust and important results, Harding’s 

study suffers from the usual limitations of observational data.  In this case, the chief 

concern is that participants were not evenly matched on key unobservable 

characteristics, such as parental involvement.  In addition, Harding makes no attempt to 

isolate neighborhood effects from schooling effects, which presumably would differ if 

the children’s school district of residence differed.  Although a child’s school 

environment is in a sense an extension of the neighborhood, if the estimate on 

neighborhood effects really represented a schooling effect, the policy implication would 
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be quite different: rather than using housing policy to influence adolescent outcomes, 

government should use education policy. 

Kling, Ludwig, and Katz (2005) utilized data from a randomized housing 

voucher experiment in their study of the effect of neighborhood characteristics on youth 

criminal activity.  Using data from the U.S. Department of Housing and Urban 

Development’s (HUD) Moving to Opportunity program, which has been operating 

since 1994 in five cities (Boston, Baltimore, Chicago, Los Angeles, and New York), the 

researchers compared the subsequent criminal records of three different randomly 

assigned groups of youth who lived in public housing prior to treatment—those whose 

families were given a housing voucher that could only be redeemed in a census tract 

with a 1990 poverty rate of 10 percent or less (the experimental group), those whose 

families received a traditional Section 8 housing voucher with no restrictions on area of 

residence, and those who were not given a voucher and remained in public housing.  

The study revealed unanticipated gender-disaggregated results: For the first two years 

following random assignment, youth of both genders in the experimental group were 

arrested for far fewer violent crimes than those in the control group, and female youth in 

the experimental group were arrested for significantly fewer property crimes.  However, 

a few years later, property crime arrests for male youth in the experimental group 

actually exceeded the rate of property crime arrests among their control group peers.  It 

is not clear whether this is because male youths in the experimental group inhabit a 

more “target-rich” environment for property thefts and/or have fewer criminal 
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competitors in their new environs, as the researchers theorize, or whether the higher rate 

of arrests in the experimental male youth group reflects more effective policing in the 

low-poverty neighborhoods.  Despite this unexpected relationship between moving to a 

low-poverty neighborhood and property crime arrests, the data did show the expected 

negative correlation between arrests for violent crime and neighborhood poverty levels: 

youths in families whose families received vouchers to move to a low-poverty 

neighborhood were almost one-third less likely to be arrested for a violent crime, and 

this relationship was statistically significant at the 5 percent level. 

 

Sprawl and Crime 

 

The relatively small body of research on the relationship between urban sprawl 

and crime has consistently found a positive relationship between the two.  While Farley 

(1987) did not focus on sprawl per se, his conclusion that poverty, racial composition, 

and metropolitan area income inequality could not fully account for the disparity in 

urban and suburban crime rates set the stage for further research in this area.  Farley 

suggested that two additional, but difficult to measure, factors accounted for much of 

this gap: the greater opportunity for crime in urban centers due to the higher 

concentration of businesses, and the “persistence of a criminal subculture.”   

While Farley’s research treated the urban-suburban divide as a constant, 

subsequent research focused on the more fluid relationship between cities and their 
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suburbs, reflecting the mobility of individual across municipal lines in response to 

external stimuli.  Shihadeh and Ousey (1996) hypothesized that the link between 

suburbanization and central-city crime can be largely explained by the social and 

economic isolation of black, poor central-city communities that occurs when jobs, the 

middle class, and whites flee to the suburbs.  They hypothesized that the resulting 

spatial mismatch between low-skilled jobs and workers led to high black male 

unemployment, which reduced financial incentives for marriage and led to high 

numbers of female-headed households; since both high black male unemployment and a 

high proportion of black female-headed households have strong positive relationships 

with the black crime rate, if suburbanization is linked to a spatial mismatch between 

jobs and African-American men, it can indirectly be linked to crime.  Using 1980 

census data, they found that a one standard deviation increase in suburbanization, 

defined here as the percent of the SMSA outside city boundaries, is associated with 

nearly a 0.25 standard deviation increase in the log rate of homicides committed by 

African-Americans.  They also found strong relationships with black robbery, burglary, 

and auto theft. 

Cullen and Levitt (1999) described the causal relationship in the opposite 

direction: they looked at how increased urban crime rates affected city population 

growth via the mobility decisions of individual city residents.  Evaluated at the sample 

mean, they found that a one-standard deviation increase in crime rates was associated 

with a decline in city population of slightly less than 1%.  This decline was due almost 
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exclusively to increased out-migration, especially of whites, the highly educated, and 

those with children, and not due to changes in birth or death rates.  Cullen and Levitt 

concluded that their model is the correct specification of the causal relationship by 

creating a regression specification that incorporated instrumental variables associated 

with crime but not city population—once-lagged changes in the commitment and 

release rates of state prison systems per reported crime in the state.  They found that 

across all specifications the instrumental variables estimates were greater than the 

corresponding OLS estimates, and therefore concluded that the magnitude of the true 

causal relationship may be understated by the OLS estimates. 

The difficulty in comparing these results and coming to a conclusion about the 

relationship between sprawl and crime lies in the different definitions of sprawl, 

different time periods used, and different control variables employed.  The external 

validity of Shihadeh and Ousey’s results is limited by their use of 1980 data only, which 

leads to concerns about endogeneity; however, they employed a comprehensive set of 

control variables and modeled the effects of sprawl separately for whites and blacks.  

Cullen and Levitt wisely employed longitudinal data (1970 to 1990), but used less 

sophisticated control variables.  Perhaps the fundamental problem, however, is that the 

suburbanization and city population loss are not comparable metrics.  For some cities, 

such as rapidly-growing Sunbelt cities where city populations remain robust but even so 

are strongly outpaced by suburban growth, suburbanization and city population may be 
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positively correlated, while in many other areas these factors would be negatively 

correlated.  The overall correlation of the two metrics could therefore be weak. 

Finally, the Cullen and Levitt article did not allow for the possibility that the 

direction of causality may have changed over time.  In light of the neighborhood effects 

literature, it seems plausible that crime may have spurred middle-class and white 

residents to flee to the suburbs during the early decades of suburbanization; however, 

their departure may have then in turn exacerbated existing crime trends by 

concentrating low-income, undereducated minorities in concentrated pockets. 

This paper attempts to shed further light on the direction of causality of the 

relationship between sprawl and urban crime, and to further characterize the mechanism 

by which this relationship occurs, by synthesizing the two approaches and adding 

additional data.  This paper is the first on the topic to include data from the 2000 census, 

and it is the first to use multiple definitions of sprawl; therefore, if results do differ by 

the characterization of sprawl, it will be easier to ascertain the reasons why since the 

data set used for each sprawl regression will be the same.  In addition, this paper will 

account for the complex interaction between crime, sprawl, and neighborhood effects 

by modeling changes over each decade separately, and using a series of once-lagged 

regressions to determine in which direction causality is strongest.   

 



 10

Study Design and Variables 

 

The analysis for this paper was conducted in three stages.  In the first stage, U.S. 

Census Bureau panel data from 1970 to 2000 was collected for the 100 largest U.S. 

cities in 1970 and merged with FBI Uniform Crime Reporting data for these cities.  

Panel data included demographic variables for each city, sprawl variables for the metro 

areas surrounding these cities, and “neighborhood effects” variables constructed at the 

census tract level to capture the concentration of poverty within each city.  (More 

information on these data sources and variables is provided in the next section.)  Cities 

with land areas that increased more than 5 percent between 1970 and 2000—suggesting 

that they annexed surrounding suburban areas—were then dropped from the sample to 

ensure that within-city variations in crime rates, population, and neighborhood effects 

over time reflected the actual relationship between crime, sprawl, and concentrated 

poverty rather than the impact of adding whole new neighborhoods to a city’s existing 

base.  Changes in each of the three sprawl variables created were then regressed on 

changes in city demographics, city crime rates, and city neighborhood effects variables.  

This analysis was performed in order to: 

1) Verify the accuracy of previous researchers’ findings that a relationship between 

city crime rates and urban sprawl did indeed exist 
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2) Determine the extent to which this relationship still holds when 2000 census 

data is included and cities with significant boundary changes are excluded, and 

estimate the magnitude of this relationship 

3) Analyze how the strength of this relationship, if it indeed exists, varies by the 

definition of sprawl used 

4) Determine whether previous research findings overestimate the strength of the 

relationship by omitting neighborhood effects—which may have an association 

with sprawl independent of its relationship with crime—from the models on 

which they are based 

Since the research hypothesis is that metro sprawl causes city crime, the regressions 

were also run in reverse, with changes in three different measures of crime—city 

property crime, city violent crime, and city murder rates—each regressed on changes in 

city-level demographics, metro-level sprawl, and neighborhood effects. 

 

The models for the first stage of analysis can therefore be written as: 

1) ∆ Log of city population = ∃0 + ∃1* ∆city property crime rate + ∃2* ∆city 
violent crime rate + ∃3* ∆city murder rate + ∃4*∆% of city census tracts with 
>20% poverty + ∃5*∆% of city census tracts with >40% poverty + ∃6*∆average 
city census tract ratio of 80th percentile of income to 20th percentile + 
∃7*∆vector of city-level demographic variables 

 
2) ∆ Percent of metro area census tracts classified as suburban = ∃0 + ∃1* ∆city 

property crime rate + ∃2* ∆city violent crime rate + ∃3* ∆city murder rate + 
∃4*∆% of city census tracts with >20% poverty + ∃5*∆% of city census tracts 
with >40% poverty + ∃6*∆average city census tract ratio of 80th percentile of 
income to 20th percentile + ∃7*∆vector of city-level demographic variables 
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3) ∆ Metro area average census tract density = ∃0 + ∃1* ∆city property crime rate 

+ ∃2* ∆city violent crime rate + ∃3* ∆city murder rate + ∃4*∆% of city census 
tracts with >20% poverty + ∃5*∆% of city census tracts with >40% poverty + 
∃6*∆average city census tract ratio of 80th percentile of income to 20th percentile 
+ ∃7*∆vector of city-level demographic variables 

 
4) ∆ City property crime rate = ∃0 + ∃1* ∆log of city population + ∃2* ∆percent of 

metro area census tracts classified as suburban+ ∃3* ∆metro area average census 
tract density + ∃4*∆% of city census tracts with >20% poverty + ∃5*∆% of city 
census tracts with >40% poverty + ∃6*∆average city census tract ratio of 80th 
percentile of income to 20th percentile + ∃7*∆vector of city-level demographic 
variables 

 
5) ∆ City violent crime rate = ∃0 + ∃1* ∆log of city population + ∃2* ∆percent of 

metro area census tracts classified as suburban+ ∃3* ∆metro area average census 
tract density + ∃4*∆% of city census tracts with >20% poverty + ∃5*∆% of city 
census tracts with >40% poverty + ∃6*∆average city census tract ratio of 80th 
percentile of income to 20th percentile + ∃7*∆vector of city-level demographic 
variables 

 
6) ∆ City murder rate = ∃0 + ∃1* ∆log of city population + ∃2* ∆percent of metro 

area census tracts classified as suburban+ ∃3* ∆metro area average census tract 
density + ∃4*∆% of city census tracts with >20% poverty + ∃5*∆% of city 
census tracts with >40% poverty + ∃6*∆average city census tract ratio of 80th 
percentile of income to 20th percentile + ∃7*∆vector of city-level demographic 
variables 

 
In the second stage of analysis, the six regressions run in the first stage of analysis 

were re-run with interaction terms allowing the impact of crime on sprawl and sprawl 

on crime to vary by decade. 

The third stage of analysis involved running a series of regressions with lagged 

variables to determine the direction of causality, if any.  In keeping with the research 

hypothesis that sprawl causes crime by encouraging middle class flight and 

concentrating the poor, changes in each of the three crime metrics were regressed on 
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once-lagged changes in crime levels, once-lagged changes in the sprawl metrics, and 

once-lagged changes in neighborhood effects metrics. The same city-level 

demographics variables included in the first stage of analysis were also included in 

these regressions as control variables, but these variables were not lagged.  In other 

words, the model posits that changes in crime between 1990 and 1980 are a function of 

the crime trend between 1970 and 1980, the sprawl that occurred between 1970 and 

1980 (since there is likely a lag between the time the sprawl occurs, the time the middle 

class flees, and the time the children raised in these neighborhoods devoid of 

professional networks and role models reach the prime age for criminal activity), the 

concentration of poverty that occurred between 1970 and 1980, and changes in city 

demographics between 1980 and 1990.  While models for property crime, violent crime, 

and murder trends are all run separately, the basic model can be written as: 

∆ Crime rate (decade t) = ∃0 + ∃1* ∆crime rate (decade t-1) + ∃2* ∆log of city 
population (decade t-1) + ∃3* ∆percent of metro area census tracts classified as 
suburban (decade t-1)+ ∃4* ∆metro area average census tract density (decade t-1) + 
∃5*∆% of city census tracts with >20% poverty (decade t-1) + ∃5*∆% of city census 
tracts with >40% poverty (decade t-1)+ ∃6*∆average city census tract ratio of 80th 
percentile of income to 20th percentile (decade t-1) + ∃7*∆vector of city-level 
demographic variables (decade t) 

 

The coefficients of most interest in the above equation are, of course, ∃2, ∃3, 

and ∃4.  If these coefficients are jointly significant and have the expected sign (negative 

for ∃2, positive for ∃3, and negative for ∃4), it will demonstrate not only that a 

relationship exists between sprawl and crime, but that increases in sprawl (or more 

specifically decreases in city populations, increases in suburban development, and 
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decreases in metro area density) precede increases in city crime, suggesting that 

increases in sprawl lead to increases in crime.   

Because it is possible that sprawl causes crime and crime causes sprawl—the 

“downward spiral” effect—this paper will also report the results of once-lagged 

regression models with changes in the sprawl variables as the left-hand side variable.  

This will allow for a better sense of both the direction of causality and the relative 

magnitudes of causality. 

Finally, a once-lagged regression model of neighborhood effects was run to 

determine whether sprawl results in concentrated poverty, found by previous 

researchers to be correlated with elevated crime rates. 

 

Data: Sources and Key Variables 

 

The two main data sources are the FBI Uniform Crime Reporting statistics and 

U.S. Census Bureau data from 1970, 1980, 1990, and 2000.  The sample consists of 53 

large U.S. cities and their MSAs, followed over four decades.  The cities in the sample 

were selected by first choosing the 100 largest cities in the U.S. in 1970 and then 

removing from the sample those cities whose land areas increased by more than 5 

percent between 1970 and 2000.  This was done to eliminate those cities that annexed 

significant portions of land during this period; failure to do so would result in mis-

measurement of our neighborhood effects variables since the tract-level data was 
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extracted from the Geolytics Neighborhood Change Database, which only allows users 

to determine the municipality to which each tract belonged in 2000, but not in any of 

the other census years.   

To do determine the representativeness of this sample, I compared the sample 

means of the city-level control variables used in these regressions.  Control variables 

closely mirrored those used by Cullen and Levitt in their 1999 study.  Like Cullen and 

Levitt, I used the city-level variables of the unemployment rate; percent aged 18-24, 

percent aged 25-44, and percent aged 45-65; percent employed in manufacturing; and 

percent of the those aged 25 or above who have attained at least a high school diploma.  

I also considered race and median family income, but adjusted these variables slightly 

to reflect changes in measuring these variables over four decades.  While Cullen and 

Levitt used percent black as a control variable—and found it to be highly correlated 

with a decline in city population—I chose to use percent white instead in order to avoid 

the difficulty of measuring percent black in 2000, when census respondents were first 

able to choose more than one racial identity; since Cullen and Levitt did not use 2000 

data, they did not encounter this difficulty.  In the case of median family income, I 

adjusted the variable to account for widely varying changes in the cost of living across 

decades by dividing each city’s median family income by the U.S.’s median family 

income for that year.  I omitted Cullen and Levitt’s homeownership variable due to 

problematic 1970 data, and I omitted their weather variables since such time-invariant 

characteristics would drop out of time-series regressions.  I added one additional 
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variable—percent below the poverty line.  This is so that I may determine whether 

poverty concentration within a city is associated with crime and/or sprawl above and 

beyond the relationship between overall poverty and crime and/or sprawl. 

As shown in Table 1, the cities included in the sample were larger and poorer 

and contained more racial minorities, fewer high school graduates, and more 

unemployed persons and manufacturing workers than the large U.S. cities excluded 

from the sample.  This is perhaps not surprising, given that the excluded cities were 

those cities that annexed land during the period 1970-2000; one might conjecture that a 

city is more likely to be successful with an annexation bid if it is similar to the areas it 

seeks to annex in terms of demographics and racial composition.  Since suburban areas 

tend to be whiter and more affluent than central city neighborhoods, it makes sense that 

those cities that successfully annexed land would be more affluent and whiter than cities 

that did not, both before—and especially after—the annexation. 



 

Table 1—Comparison of Cities Included and Excluded from Sample on Key Demographics

17
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Variable Sample cities (<5% increase in land) Excluded cities (>5% increase in land) 
 1970 1980 1990 2000 1970 1980 1990 2000

Log of city 
population         12.93 12.84 12.84 12.85 12.42 12.51 12.59 12.69

Percent white         73.39% 65.18% 59.24% 50.73% 81.84% 75.69% 70.68% 63.40%

Percent 
unemployed         2.91% 5.95% 5.56% 6.31% 2.51% 4.46% 4.59% 5.12%

Percent below 
poverty 10.44%        17.11% 19.27% 19.60% 10.54% 13.97% 16.74% 15.79%

Percent 18-24         12.88% 14.76% 12.19% 11.59% 13.58% 15.42% 12.06% 11.90%

Percent 25-44         22.88% 27.03% 33.33% 31.84% 23.46% 28.21% 33.81% 31.68%

Percent 45-64         21.43% 19.63% 17.00% 19.44% 19.74% 18.59% 16.96% 19.77%

Percent 65+         11.28% 12.74% 13.05% 11.96% 9.73% 11.02% 11.99% 11.29%

Percent high 
school grad         44.51% 61.98% 69.93% 74.39% 53.57% 69.69% 76.51% 76.70%

Percent in 
manufacturing 24.79%        14.35% 9.07% 8.01% 19.08% 12.34% 8.82% 8.35%

Median family 
income (before 
adjustment)  $9,801.89   $14,667.34   $30,925.17   $40,747.42   $9,478.72   $15,463.34   $32,233.98   $45,132.55  
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It would be unwise, however, to dismiss the results of this study as pertaining to 

only a small subset of cities, however.  While there do exist important differences 

between the cities of this sample and other large U.S. cities, trends in both sets of cities 

were similar.  In both the included and excluded cities, minority populations have 

grown rapidly, unemployment has risen, high school graduation rates have increased, 

and manufacturing employment has plummeted.  The only trends in which the cities 

differ to a large degree are in city population growth—which is not surprising, given 

that the excluded cities have annexed whole new neighborhoods and added these 

residents to city population figures—and in increases in median family income, with the 

excluded cities experiencing a more rapid increase in this indicator.  Table 2 compares 

the demographic trends of the cities included in the sample and those excluded from the 

sample; the figures should be interpreted as the percentage point change in each 

indicator (e.g. the proportion of city residents who were white declined 8 percentage 

points between 1970 and 1980 in the sample cities).  Bolded means are those in which 

the differences between the sample cities and those excluded from the sample due to 

boundary changes were statistically significant at the 10% level.  (To determine whether 

the means were statistically significant, I regressed the change in each demographic 

variable on a dummy variable indicating whether the city was excluded or not.)  While 

it is important to note that many of the differences in means were statistically 

significant, in most cases the magnitude of this difference was quite small. 
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Table 2—Comparison of Cities Included and Excluded from the Sample on Changes in 
Key Demographic Trends 
 

Variable Sample cities (<5% increase in land) Excluded cities (>5% increase in land) 

 ∆1970-80 ∆1980-90 ∆1990-2000 ∆1970-80 ∆1980-90 ∆1990-2000

Log of city 
population -0.09 0.00 0.00 0.09 0.08 0.10 
Percent white -0.08 -0.06 -0.09 0.06 -0.05 -0.07 

Percent 
unemployed 0.03 0.00 0.01 0.02 0.00 0.01 

Percent below 
poverty 0.07 0.02 0.00 0.03 0.03 -0.01 

Percent 18-24 0.02 -0.03 0.00 0.02 -0.03 0.00 
Percent 25-44 0.04 0.06 -0.01 0.05 0.06 -0.02 
Percent 45-64 -0.02 -0.03 0.02 -0.01 -0.02 0.03 

Percent 65+ 0.01 0.00 -0.01 0.01 0.01 -0.01 

Percent high 
school grad 0.17 0.08 0.04 0.16 0.07 0.03 

Percent in 
manufacturing -0.10 -0.05 -0.01 -0.07 -0.04 0.00 

Median family 
income (before 
adjustment)  $4,865.45   $16,257.83  $9,822.25  $5,984.62  $16,770.64   $12,898.57 

 
Data was collected at the MSA, city, and tract level to create the following 

metrics: 

Measures of sprawl 

The three measures of sprawl were: 

• Logged city population.  This variable is the same as the dependent variable in 

Cullen and Levitt’s study. 

• Suburbanization, defined for the purposes of this study as the number of urban 

tracts in the MSA (those with more than 3500 residents/square mile) divided by 
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the number of urban and suburban (those with between 200 and 3500 

residents/square mile) tracts in the MSA.  This is essentially the approach 

favored by Wolman et. al. (2005), modified slightly for ease of calculation.  As 

they note, this approach allows for a reasoned characterization of urban and 

suburban densities—numerous studies have shown that densities above 3500 are 

sufficient to support public transportation, small retail, and pedestrian traffic, 

generally thought to be hallmarks of urban areas, while less densities less than 

200 persons per square mile are associated with a rural lifestyle—rather than an 

arbitrary cutoff between city and suburb.  In addition, this approach allows us to 

exclude rural areas of a Census Bureau-defined MSA from the analysis, since it 

is Census Bureau practice to add an entire county to an MSA even if only a 

small portion of it has been converted to suburban usage.  This gives us a clearer 

picture of true suburbanization.  The drawback of this variable is that, as 

calculated for this study, we do not limit the areas of analysis to contiguously 

developed areas, so some small towns in counties containing some suburban 

growth may be included in both the numerator and denominator of this ratio. 

• Overall metro density, defined for the purposes of this study as the average 

census tract population density (total population divided by total land area) for a 

given metro area.  This variable allows us to capture changes in density that 

occur within the categorizations of suburban or urban. For example, if the ratio 

of suburban to urban tracts remained constant throughout a decade but the 

average suburban density increased from 250 to 400 per square mile and the 
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average urban density increased from 3600 to 6000 per square mile, the 

suburbanization score would not change, suggesting no change in sprawl, but 

the overall metro density measure would increase, suggesting less sprawl.  

Looking at these two metrics together gives us a more complete picture of the 

development patterns over time. 

Summary statistics for sprawl variables are presented in Table 3 below, and show 

the clear need for modeling the relationship between sprawl, crime, and poverty using 

multiple definitions of sprawl.  One commonly used measure of sprawl—log of the 

urban core’s population, with a declining city population interpreted as an increase in 

sprawl—shows that the average city did indeed sprawl during the 1970-2000 period.  

However, the other two measures actually show a decrease in sprawl, with the percent 

of suburbanized census tracts declining from a high of 47 percent in 1980 to just under 

42 percent in 2000, and average metro density increasing between 1990 and 2000 after 

falling between 1970 and 1990. 

 

Table 3—Mean Sample Values for Sprawl Indicators, by Census Year

Variable 1970 1980 1990 2000

Log of city population 
12.932 

(0.8454) 
12.844 

(0.8388) 
12.844 

(0.8494) 
12.846 

(0.8745) 

Percent of metro area census 
tracts suburbanized 

0.4583 
(0.1360) 

0.4700 
(0.1496) 

0.4104 
(0.1276) 

0.4194 
(0.1393) 

Average metro area census tract 
density 

7152.6 
(6838.2) 

6675.5 
(5964.7) 

6515.5 
(6172.9) 

7213.2 
(6752.0) 

 

Measures of Crime 
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FBI Uniform Crime Reporting data was collected for every city in the data set, 

for each census year in the data set, disaggregated by violent crime and property crime.  

Data was also collected on the number of murders, given that murder statistics are 

perhaps the most accurate indicator of actual crime prevalence; data on other types of 

crime is less reliable, given that residents may not report crimes out of fear of reprisals 

or a belief that the police will not take effective action.  In addition, in a few cases, 

municipal police force reporting standards for certain non-murder crimes deviated from 

general reporting norms, making comparisons across municipalities difficult.  For 

example, the FBI Uniform Crime Report notes that in some years Chicago did not 

include forcible rapes in its tally of violent crime.  In order to attenuate “noise” in the 

crime data, if certain municipalities did not include one type of crime in their tally for a 

given census year, their figures were adjusted to exclude this type of crime in all years.  

Crime data used in this study therefore is not appropriate for comparing municipalities 

with one another; however, this method does allow for an accurate measure of how 

crime rates changed over time for a given city.  Since all regressions used in this 

analysis are based on changes in crime, sprawl, and poverty, rather than absolute levels, 

consistently excluding certain types of crime from the crime tallies of individual cities 

does not bias the results.  Crime data was then converted into a rate per 1,000 residents. 

The summary crime statistics presented in Table 4 show that crime rates in the 

cities analyzed mirrored national trends.  All types of crime rose sharply between 1970 

and 1990, followed by an equally dramatic drop during the 1990s. 
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Table 4—Mean Sample Crimes per 1,000 Residents, by Census Year

Variable 1970 1980 1990 2000

Property crime 
62.472 

(16.187) 
85.791 

(21.390) 
86.121 

(23.692) 
60.978 

(21.992) 

Violent crime 
8.764 

(9.495) 
13.573 
(6.953) 

18.348 
(8.940) 

11.676 
(4.950) 

Murder 
0.154 

(0.105) 
0.217

(0.137) 
0.245

(0.166) 
0.155

(0.103) 

 

Future researchers may wish to average crime rates for years right around the 

census (e.g. average the crime rates for the years 1979-1981 for 1980 data) in order to 

smooth fluctuations in the data; they may also wish to further disaggregate by type of 

crime, since the relationship between middle class flight and crime varies by types of 

crime.  For this analysis, however, time constraints did not permit further specification 

of the crime data. 

 

Measures of Neighborhood Effects 

 

Three variables designed to measure the degree of middle class flight from inner 

city neighborhoods were created.  These three variables—loosely termed 

“neighborhood effects”—were used as both dependent and independent variables.  

Changes in each of the “neighborhood effects” variables were regressed on once-lagged 

changes in the sprawl indicators to determine whether sprawl contributed to the decline 

of inner city neighborhoods.  Subsequently, crime rates were regressed on once-lagged 
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changes in “neighborhood effects” to determine whether the decline in city 

neighborhoods fueled crime rate increases.  The three measures of neighborhoods 

effects were: 

• Percent of city census tracts with poverty rates exceeding 20 percent. 

• Percent of city census tracts with poverty rates exceeding 40 percent.  Most of 

the literature uses 20 percent as an arbitrary cutoff indicating a high-poverty 

census tract.  This variable allows us to see whether a further increase in poverty 

exacerbates crime. 

• Average city intratract inequality, the ratio of the 80th percentile of family 

income in a given tract divided by the 20th.  High ratios indicate a high 

percentage of mixed-income communities, while low ratios indicate relatively 

homogeneous census tracts.  This metric allows us to determine whether the 

effect of a middle class on crime rates varies by how widely dispersed the 

middle class is throughout the city. 

Summary statistics for neighborhood effects variables are presented in Table 5 

below and show a sharp increase in concentrated poverty.  The proportion of census 

tracts with more than 20 percent of the population below the poverty line doubled 

between 1970 and 2000, while the proportion of census tracts with more than 40 percent 

of the population below poverty tripled.  Overall citywide poverty rates did not quite 

double during the same time period; the fact that the growth of very high poverty census 

tracts outstripped the growth in overall poverty suggests that the impoverishment of 
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neighborhoods was highly uneven during this time period.  Somewhat counter-

intuitively, the data also shows that income inequality in the average sample city 

neighborhood increased.  The interpretation of this trend is somewhat unclear.  It may 

be that these increases in inequality mask large differences in inequality ratios between 

high poverty and low poverty neighborhoods, with large increases in inequality in low 

poverty neighborhoods (perhaps reflective of the national trend towards rising income 

inequality) driving the increase in this metric.  Alternatively, these figures may reflect 

the erosion of income for those in the 20th percentile of the earnings distribution, or they 

may suggest that census tract boundaries do not adequately demarcate wealthy from 

poor neighborhoods.  Finally, it is possible that these figures means that stories of 

middle class flight have been overexaggerated and that even with rising poverty rates—

especially in some neighborhoods—some at the upper end of the earnings distribution 

remain. 

 

Table 5—Mean Sample Concentrated Poverty Indicators, by Census Year

Variable 1970 1980 1990 2000

Proportion of census tracts with 
> 20% poverty 

0.2394 
(0.1228) 

0.3689 
(0.1541) 

0.4316 
(0.1665) 

0.4664 
(0.1665) 

Proportion of census tracts with 
> 40% poverty 

0.0373 
(0.0419) 

0.0906 
(0.0764) 

0.1410 
(0.1024) 

0.1194 
(0.0746) 

Average census tract ratio of 
80th percentile of family income 
to 20th percentile 

3.0753 
(0.2825) 

3.6320 
(0.4620) 

4.2575 
(0.9212) 

4.6697 
(0.9205) 

 

Results and Analysis 
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The analysis was conducted in three phases.  In the first phase, sprawl and crime 

variables were regressed on each other, but no interaction variables were included to 

test whether the relationship between the two varied by time and no lagged variables 

were included.  The purpose of the first stage of the analysis was simply to determine 

whether a relationship existed between simultaneous trends in the two, what the 

strength of this relationship was, if any, and to what extent these results replicated those 

of other researchers.  In the second phase, the relationship between sprawl and crime 

was allowed to vary by decade.  This was done to test whether the results obtained in 

the first phase of the analysis differed from the results of some of the other researchers 

in the field due to differences in the time periods analyzed.  In the third and final stage, 

lagged variables were included to allow for the fact some time may elapse before 

individuals—be they homeowners, criminals, or police—modify their behavior in 

response to changing external stimuli.  I hypothesize that this may be especially true for 

the relationship between neighborhood effects and crime; it may take some time before 

increasingly concentrated poverty has an effect on crime rates, given that children must 

be deprived of employment opportunities and role models for an extended amount of 

time before a sizable proportion of them grow up and turn to a life of crime. Lagged 

variables also will permit us to determine the direction of causality, if any. 

 

First Phase 

 



 

 27

Tables 6 and 7 present the results of the non-lagged sprawl and crime regressions, with 

standard errors reported in parentheses.  Coefficient estimates that are statistically 

significant at the 10 percent level have been bolded. 
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Table 6—Results of Non-Lagged Sprawl Regressions

Independent Variables Dependent Variables 

  
∆ Log of city 
population 

∆ Percent of 
metro census 
tracts 
suburbanized 

 ∆ Average census 
tract density of 
metro area 

∆ Percent white 
-0.4023 

(0.1691) 
-0.0607

(0.09098) 
-2554.727 

(1530.784) 

∆ Percent 18-24 
2.2018 

(0.5953) 
0.5835

(0.3197) 
18986.16   
(5387.97) 

∆ Percent 25-44 
2.6292 

(0.5601) 
-0.9320

(0.3008) 
23900.46 

(5096.116) 

∆ Percent 45-64 
1.6969 

(0.7015) 
-0.2055

(0.3769) 
12970.49 

(6348.418) 

∆ Percent 65+ 
0.1653 

(0.5615) 
-0.2306

(0.3015) 
10612.52 

(5081.735) 

∆ Percent high school graduate 
-1.4717 

(0.1960) 
0.3699

(0.1052) 
-10759.73 

(1773.627) 

∆ Percent below poverty level 
0.4091 

(0.5243) 
-0.0788

(0.2815) 
1337.226 

(4745.043) 

∆ Percent employed in manufacturing 
0.6496 

(0.2317) 
-0.1615

(0.1244) 
5820.199 

(2096.799) 

∆ Percent unemployed 
-0.5984 

(0.5296) 
-0.1158

(0.2844) 
-97.402   

(4793.493) 

∆ Ratio of city median family income to national 
median family income 

-0.0245 
(0.0430) 

0.0141
(0.0231) 

16.540 
(388.789) 

∆ Property crime rate (per 1,000) 
0.0003 

(0.0004) 
0.0002

(0.0002) 
-2.7527 

(3.8048) 

∆ Violent crime rate (per 1,000) 
-0.0006 

(0.0011) 
-0.0003

(0.0006) 
-15.796 
(9.644) 

∆ Murder rate (per 1,000) 
-0.0653 

(0.0712) 
-0.0707

(0.0382) 
-206.046 

(644.491) 

∆ Percent of census tracts with > 20% poverty 
-0.1136 

(0.1285) 
-0.0159

(0.0690) 
-1282.277 

(1163.202) 

∆ Percent of census tracts with > 40% poverty 
0.1317 

(0.1703) 
-0.0156   

(0.0915) 
-108.808   

(1541.250) 

∆ Average city census tract ratio of 80th to 20th 
percentile of income 

-0.0555 
(0.0159) 

0.0061
(0.0085) 

5.171 
(143.697) 

Model R-squared 0.5854 0.4846 0.4749 

P-value for joint significant of crime variables 0.7398 0.2716 0.1388 

P-value for joint significant of neighborhood 
effects variables 0.003 0.9136 0.7424 
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Table 7—Results of Non-Lagged Crime Regressions

Independent Variables Dependent Variables 

  

∆ City 
property crime 
rate 

∆ City violent 
crime rate 

∆ City 
murder rate 

∆ Percent white 
-76.313 

(38.171) 
-22.851 

(14.261) 
-0.9046 

(0.2084) 

∆ Percent 18-24 
365.393 

(151.252) 
123.058 
(56.512) 

2.0449 
(0.8259) 

∆ Percent 25-44 
377.988 

(141.063) 
132.672 
(52.705) 

1.4523 
(0.7703) 

∆ Percent 45-64 
152.374 

(167.555) 
31.184 

(62.603) 
0.8056 

(0.9150) 

∆ Percent 65+ 
362.380 

(126.493) 
86.605 

(47.261) 
2.0978 

(0.6907) 

∆ Percent high school graduate 
82.404 

(56.400) 
-2.2801 

(21.0724) 
0.0725 

(0.3080) 

∆ Percent below poverty level 
-101.688 

(120.296) 
62.746 

(44.945) 
-0.3551 

(0.6569) 

∆ Percent employed in manufacturing 
57.454 

(55.720) 
33.385 

(20.818) 
0.2577 

(0.3043) 

∆ Percent unemployed 
106.601 

(122.668) 
-51.170 

(45.832) 
-0.0041 

(0.6698) 

∆ Ratio of city median family income to 
national median family income 

-3.0417   
(9.8113) 

5.1423 
(3.6657) 

0.0821 
(0.0536) 

∆ Percent of census tracts with > 20% 
poverty 

34.169 
(29.552) 

-15.576 
(11.041) 

-0.0017 
(0.1614) 

∆ Percent of census tracts with > 40% 
poverty 

68.320 
(39.026) 

18.456 
(14.581) 

0.3520 
(0.2131) 

∆ Average city census tract ratio of 80th to 
20th percentile of income 

-6.3104 
(3.8185) 

-1.3358 
(1.427) 

-0.0331 
(0.0209) 

∆ Log of city population 
9.5032   

(21.949) 
-3.1400 

(8.2007) 
-0.1647 

(0.1199) 

∆ Percent of metro census tracts 
suburbanized 

-18.369 
(40.560) 

-21.716 
(15.154) 

-0.5620 
(0.2215) 

 ∆ Average census tract density of metro 
area 

-0.0041 
(0.0023) 

-0.0021 
(0.0009) 

-0.0000 
(0.0000) 

Model R-squared 0.5857 0.4462 0.3656 

P-value for joint significant of 
neighborhood effects variables 0.149 0.1865 0.2187 

P-value for joint significant of sprawl 
variables 0.3638 0.0816 0.0535 
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The log of city population model—which most closely approximates Cullen and 

Levitt’s model—was the strongest of the sprawl models, with an R-squared of 0.5854.  

This is not surprising, given that all of the independent variables in the sprawl models 

are city-level variables; it is fairly intuitive that city trends would explain more of the 

variation in city population trends than the variation in metro-area trends, which are 

driven more by trends outside the city, such as regional economic conditions, the 

availability of build-able land, and the relative desirability of living in suburban areas.  

Consistent with Cullen and Levitt’s coefficient estimate in their city fixed effects 

specification (but contrary to the coefficient estimates for their non-city fixed effects 

models), this model did not show the expected statistically significant relationship 

between crime and sprawl.  As expected, changes in the violent crime and murder rates 

were inversely related to changes in the log of city population, while changes in 

property crime rates were unexpectedly positively correlated with the change in log of 

city population.  None of these relationships was statistically different from zero, 

however, nor were the crime indices jointly significant.  In contrast, average census 

tract inequality—one of the neighborhood effects variables—was highly statistically 

significant and showed that an increase in neighborhood income inequality is associated 

with a loss of city population for reasons that remain unclear. 

In the second and third sprawl specifications, in which sprawl was defined in 

terms of metro area densities, the only statistically significant relationship of note was 

that between changes in murder rates and changes in the percent of metro area census 

tracts with suburban densities.  This negative sign on change in murder rates is difficult 
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to reconcile with the coefficient estimates in the first and third specifications, and it is 

also difficult to reconcile with theory.  In the first specification, the association of an 

increase in murder rates with a decline in city population seems intuitive: either 

increasing city murder rates prompt city residents to flee to the relative safety of the 

suburbs, the “push” theory posited by Cullen and Levitt, or suburbanization, which is 

linked to city population declines, isolates the underclass from employment and other 

opportunities, leading to a downward spiral of poverty and crime, the “pull” theory 

posited by Shihadeh and Ousey.  The sign of the coefficient estimate for change in 

murder rates is also consistent with the negative coefficient estimate on murder in the 

third specification; we would expect the sign of the coefficient estimate on change in 

murder to be the same in the first and third specifications since changes in city 

population and changes in metro density are in most cases positively related.  If 

increases in city murder rates are indeed associated with declines in city populations 

and a spreading out of the population (declining metro densities), we would expect the 

percent of metro area census tracts with suburban densities to increase when city 

murder rates increase, but this story is directly contradicted by the negative sign on the 

murder coefficient estimate in the second specification.   

There are several possible interpretations of this seeming contradiction.  One 

potential explanation is that the true betas for the first and third specifications are 

actually positive (positive values for these coefficient estimates were includes in the 95 

percent confidence intervals), which would mean that increases in murder rates were 

associated with increasing city populations and denser development patterns.  One 
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could envision a scenario is which this might happen: if rapid population increases were 

unaccompanied by increases in police budgets, a population increase could result in 

higher crime rates.  A second potential explanation is that increases in city murder rates 

drive residents from the city to the relatively densely-populated inner-ring suburbs.  In 

this scenario, city population would decline, and the percent of metro area census tracts 

classified as urban would increase (assuming the influx of city residents pushed the 

densities of inner-ring suburbs over the urban classification threshold density of 3500 

residents/square mile), leading to a decrease in the percent of metro area census tracts 

classified as suburban.  In this scenario, metro population density would remain 

constant, which is not inconsistent with the third specification’s coefficient estimate on 

murder, which is not statistically different from zero.  Finally, it is perhaps not 

surprising that analyzing simultaneous changes in crime and sprawl trends over a span 

of diverse decades will yield ambiguous results.  It takes time for homeowners to 

internalize changes in their neighborhoods and make location decisions accordingly, 

just as it takes time for both criminal elements and police to adjust to changing 

demographics.  As we will see later, allowing for the relationship between crime and 

sprawl to vary by decade, as well as incorporating lags into the model, substantially 

clarifies these complex relationships. 

In contrast to the convoluted picture presented by the coefficient estimates on 

the variables of interest, the coefficient estimates on the control variables gave a much 

more consistent picture across specifications.  Increases in the proportion of city 

residents who are white were associated with declines in city population (likely due to 
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the lower birthrate of this group in comparison to other racial groups) and a decrease in 

metro area density (at least partially driven by the declines in city population density).  

Increases in the proportion of the population in the 18-44 age group fueled larger 

increases (or smaller decreases) in city populations and larger increases in metro area 

densities than comparable increases in older age groups, likely a reflection of the lower 

mortality rates of younger adults.  Increases in city poverty rates were associated with 

(non-statistically significant) denser development patterns and increases (or smaller 

population decreases) in city population, likely reflecting the tendency of very low-

income households to cluster in low-cost multi-family housing.  Increases in the 

proportion of the workforce employed in manufacturing (or, more likely in the current 

economic climate, lower decreases in the proportion employed in manufacturing) were 

associated with larger city population increases (or at least smaller population 

decreases) and a denser metro area.  Somewhat unexpectedly, there was a strong 

positive correlation between changes in city residents’ high school graduation rates and 

sprawl.  An increasing proportion of city high school graduates was associated with a 

sharp decline in city population, a decrease in metro area density, and an increase in 

census tracts with suburban densities.  This suggests that—after controlling for race, 

poverty, manufacturing employment, and other factors strongly correlated with high 

school graduation rates—high school graduates have a strong preference for living in 

low-density neighborhoods. 

The models with crime on the left hand side of the equation yielded results 

somewhat more easily explained.  An increasing proportion of white residents (and 
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decreasing proportion of minority residents) was associated with a decrease in crime 

rates (or a smaller increase in crime rates).  Consistent with widespread media reports 

that most murders are committed by males aged 18-24, an increase in the proportion of 

city residents in this age range was highly statistically significant, and an increase in 

this age group was associated with many more murders than increases in the 25-64 age 

group.  With regard to property and overall violent crime (of which murder is a subset), 

however, an increase in both the proportion of 18-24 year olds and the proportion of 25-

44 year olds was associated with large increases in these indices.  The one truly 

surprising finding in the analysis of the coefficient estimates on the age variables was 

that an increasing proportion of elderly residents was associated with very high 

increases in property crime and murder.  One possible explanation is that 

neighborhoods with a high proportion of elderly residents may be perceived by criminal 

elements as “target rich” environments full of easy prey.  An alternate explanation may 

be that dangerous neighborhoods are those with both a high proportion of those in the 

18-24 age group and a high proportion of those in the 65+ group, but a dearth of those 

in the 45-64 age group.  This demographic pattern suggests a large number of 

households composed of teenagers and young adults living with grandparents—but not 

their parents (who would mostly be in the 45-64 range).  This may reflect a large 

number of families with absentee parents (who may be deceased, in prison, mentally ill, 

or addicted to drugs) where the responsibility for child-rearing has fallen to the 

grandparents, who may be too frail to keep adequate tabs on their charges.  After 

controlling for race, age, and neighborhood effects, changes in high school graduation 
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rates, poverty, manufacturing employment, unemployment, and family income were not 

found to have a statistically significant relationship with the three crime indices.   

The coefficient estimates in all three crime specifications generally supported 

this paper’s hypothesis that changes in neighborhood effects—specifically increases in 

concentrated poverty and the loss of mixed-income neighborhoods—are directly 

associated with increases in crime.  Increases in the percent of census tracts classified as 

very high poverty (more than 40 percent of the population below the poverty line) was 

associated with large increases in crime, and this relationship was statistically 

significant in the case of property crime.  Also consistent with the hypothesis, an 

increase in average census tract income inequality (or, in other words, an increase in 

mixed-income neighborhoods) was associated with decreases in all three crime indices, 

although these decreases were not statistically significant.  The coefficient estimates for 

changes in high poverty census tracts were somewhat more ambiguous (as opposed to 

the unambiguous coefficient estimates for very high poverty census tracts), with an 

increase in high poverty census tracts associated with a non-statistically significant 

increase in property crime and non-statistically significant decreases in violent crime 

and murder.  This suggests that the threshold at which concentrated poverty and crime 

are associated is closer to the 40 percent poverty threshold used to classify tracts as very 

high poverty than to the 20 percent threshold used to classify tracts as high poverty. 

The coefficient estimates for the sprawl variables in these regressions do not 

present a much clearer picture than the crime coefficient estimates in the previously 

discussed sprawl specifications.  As before, increases in violent crime and murder were 
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associated with declines in city population, while increases in property crime were 

seemingly paradoxically associated with increases in city population.  Both increases in 

overall metro density and increases in the proportion of metro area census tracts with 

suburban densities were associated with decreases in crime.  These trends suggest that 

some optimal level of density may exist between the extremes of dense urban 

development and sprawling exurban areas.  Decreasing the proportion of urban census 

tracts while increasing the density of suburban tracts—up to a point—may be associated 

with decreases in crime rates. 

 

Second Phase 

 

Table 8 presents the results of the second phase of analysis, which allowed the 

relationship between crime and sprawl to vary with time.  While each of the crime 

indices was also regressed on sprawl, due to time and space constraints only the sprawl 

specifications results are reproduced here.  Standard errors are presented in parentheses, 

and coefficient estimates that are statistically significant at the 10 percent level have 

been bolded. 
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Table 8—Results of Non-Lagged Sprawl Regressions with Interaction Terms

Dependent Variables Independent Variables 

  

 ∆ Log of 
city 
population 

∆percent 
metro area 
tracts 
suburban 

∆average 
metro tract 
density 

∆ Percent white 
-0.2839  

(0.1641) 
-0.1280 

(0.0842) 
-1241.76 

(1473.23) 

∆ Percent 18-24 
1.8353 

(0.5864) 
0.5617 

(0.3010) 
16483.81 
(5264.16) 

∆ Percent 25-44 
2.3034 

(0.5515) 
-0.8059 

(0.2831) 
24751.01 
(4951.32) 

∆ Percent 45-64 
1.2983 

(0.6795) 
-0.1298 

(0.3487) 
10247.87 
(6099.93) 

∆ Percent 65+ 
-0.0823 

(0.5350) 
-0.1417 

(0.2746) 
9670.75 

(4803.07) 

∆ Percent high school graduate 
-1.4687 

(0.1920) 
0.3192 

(0.0985) 
-11124.4 

(1723.77) 

∆ Percent below poverty level 
0.2249 

(0.5278) 
0.0331 

(0.2709) 
-680.76 

(4738.29) 

∆ Percent employed in 
manufacturing 

0.6761 
(0.2256) 

-0.1797 
(0.1158) 

4792.01 
(2025.59) 

∆ Percent unemployed 
-0.5159 

(0.5133) 
0.0341 

(0.2635) 
-1095.53 

(4608.36) 

∆ Ratio of city median family 
income to national median 
family income 

-0.0282 
(0.0413) 

0.0083 
(0.212) 

230.18 
(371.08) 

∆ Property crime (per 1,000 
residents) 

0.0015 
(0.0006) 

0.0001 
(0.0003) 

6.9903 
(5.3341) 

∆ Property crime*1980-90 
-0.0035 

(0.0010) 
0.0007 

(0.0005) 
-8.6199 

(9.1695) 

∆ Property crime*1990-2000 
-0.0017 

(0.0010) 
0.0005 

(0.0005) 
-26.3602 
(8.8507) 

∆ Violent crime (per 1,000 
residents) 

-0.0013 
(0.0014) 

0.0011 
(0.0007) 

-12.2192 
(12.368) 

∆ Violent crime*1980-90 
0.0038 

(0.0030) 
-0.0040 

(0.0015) 
-2.3241 

(26.5871) 

∆ Violent crime*1990-2000 
0.0023 

(0.0025) 
-0.0027 

(0.0013) 
9.7395 

(22.8481) 

∆ Murder (per 1,000 residents) 
0.2238 

(0.1456) 
-0.4152 

(0.0747) 
3236.12 

(1307.39) 

∆ Murder*1980-90 
-0.2784 

(0.1710) 
0.4183 

(0.0877) 
-3929.26 

(1534.77) 
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Table 8--Results of Non-Lagged Sprawl Regressions with Interaction Terms (Cont.) 

Dependent Variables Independent Variables 

  

 ∆ Log of 
city 
population 

∆percent 
metro area 
tracts 
suburban 

∆average 
metro tract 
density 

∆ Murder*1990-2000 
-0.4232 

(0.1939) 
0.4287 

(0.0995) 
-3634.65 

(1740.61) 

∆ Percent tracts with >20% 
poverty 

-0.1602 
(0.1255) 

-0.0188 
(0.0644) 

-1222.11 
(1126.45) 

∆ Percent tracts with >40% 
poverty 

0.1981 
(0.1680) 

-0.0612 
(0.0862) 

-53.240 
(1508.42) 

∆ Average city census tract ratio 
of 80th to 20th percentile of 
income 

-0.0550 
(0.0157) 

0.0109 
(0.0081) 

48.6316 
(141.234) 

Model R-squared 0.6477 0.6000 0.5610 

P-value for joint significance of 
property crime*decade 
interaction variables 0.0030 0.3913 0.0134 

P-value for joint significance of 
violent crime*decade interaction 
variables 0.3691 0.0119 0.8967 

P-value for joint significance of 
murder*decade interaction 
variables 0.0901 0.0000 0.0332 

P-value for joint significance of 
all crime variables 0.0079 0.0000 0.0008 

P-value for joint significance of 
neighborhood effects variables 0.0019 0.5649 0.7451 

 

 

While adding the crime*decade interaction terms to the regressions did not 

affect the signs of any of the statistically significant coefficient estimates of the control 

variables in the first phase of analysis, it did substantially alter the coefficient estimates 

of the variables of interest.  Across all specifications, changes in crime are now strongly 

correlated with changes in sprawl, and changes in neighborhood effects are strongly 

correlated with changes in city population.  The first specification is a good example of 
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how omitting decade interaction terms can lead to misleading results: while leaving out 

the interaction terms led to a positive (although not statistically significant) coefficient 

estimate on property crime, including the interaction terms shows that this (weak) 

positive association between changes in property crime rates and changes in city 

population reflects a statistically significant positive relationship between the two in the 

1970s (e.g. an increase in property crime was associated with an increase in city 

population), followed by an inverse relationship between the two in the 1980s (the p-

value of testing whether ∆property crime+ ∆property crime*1980-1990=0 was 0.0161) 

and no statistically significant relationship between the two in the 1990s.  The 

coefficient estimates for violent crime and murder in the first specification also show 

sign changes across decades, with the relationship between changes in murder rates and 

changes in city population varying in a statistically significant manner over time. 

Including the crime*decade interaction terms in the second and third 

specifications result in coefficient estimates that—in contrast to the results of the second 

and third specifications in the first phase of analysis—generally show the hypothesized 

positive relationship between property crime and sprawl in the 1980s and 1990s.  For 

example, the data shows a very weak positive association between property crime and 

suburbanization in the 1970s, followed by a stronger—and statistically significant at the 

10% level—positive association in the 1980s, and slightly weaker (not statistically 

significant) relationship between the two in the 1990s.  The coefficient estimates for 

property crime in the third specification mirror this trend, with an increase in property 

crime associated with a non-statistically significant increase in density in the 1970s 
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(less sprawl), but an increase in property crime associated with decreases in density 

(more sprawl, consistent with the second specification’s coefficient estimates) in 

subsequent decades; in the 1990s, the relationship between the two was statistically 

significant.   

It is more difficult to interpret the second and third specification results for 

violent crime and murder.  The relationship between violent crime and suburbanization 

is actually the opposite hypothesized in the 1980s and 1990s, and in the 1980s the 

unexpected negative relationship between changes in violent crime and changes in 

suburbanization was statistically significant at the 5% level.  The relationship between 

murder and sprawl is the opposite of that hypothesized during the 1970s, followed by a 

period in which there was no statistically significant relationship between the two. 

The results obtained from regressing crime on sprawl*decade interaction terms 

(in addition to all of the variables used in phase 1) largely mirrored the results presented 

in Table 7.  The relationship between each of the sprawl variables and changes in 

property crime varied by decade, while changes in density was the only sprawl metric 

whose association with violent crime varied by decade.  None of the relationships 

between sprawl and changes in the homicide rate varied by decade, and only 

suburbanization in the 1970s was found to have a statistically significant (again, 

negative, which was the opposite of that hypothesized) association with changes in the 

homicide rate. 

All of these findings underscore that the relationship between crime and sprawl 

is not static over time.  For this reason, it is important to be cautious when comparing 
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research findings that are based on different decades of analysis.  To take just one 

example, my results from the third crime specification in phase 1 show a negative 

relationship between the proportion of metro area census tracts with suburban densities 

and city murder rates; in other words, as more of a metro area becomes suburbanized, 

the city’s murder rate goes down (although from phase 1 we cannot determine the 

direction of causality).  This finding, however, contradicts Shihadeh and Ousey’s 

finding that metro area suburbanization is strongly linked to black homicide rates in the 

core city.   This may be because Shihadeh and Ousey’s definition of suburbanization—

percent of a metro area outside of the core city’s boundaries—differs from the one used 

here, which defines suburban based on density rather than municipal status.  It is also 

possible that the difference is due to Shihadeh and Ousey’s use of race-disaggregated 

crime data.  However, since murder and race are strongly correlated (see Table 7), it 

seems reasonable to assume that Shidadeh and Ousey’s data on homicides committed 

by blacks tracked with general urban homicide trends for the time period studied.  That 

leaves a third intriguing possibility: that Shihadeh and Ousey’s use of 1980 cross-

sectional data only—which neither allows for the capturing of city-fixed effects nor for 

the possibility that the relationship between sprawl and crime may change by decade—

is largely responsible for the difference in results.  While not statistically significant, the 

coefficient estimate on the interaction term for percent of census tracts 

suburbanized*1980-90 is sufficiently large to reduce by half the statistically significant 

negative relationship between suburbanization and murder observed in the 1970s in my 

model.  This attenuating effect, coupled with the impact of not controlling for city-fixed 
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effects, could be sufficient to yield a positive coefficient estimate in Shihadeh and 

Ousey’s model. 

 

Phase Three 

 

The results of the once-lagged regressions suggest a much more complex picture 

and cast doubt on both assertions that crime directly causes sprawl and assertions that 

sprawl directly causes crime.  In fact, changes in neighborhood demographics appear to 

drive sprawl; the omission of neighborhood effects—which are closely correlated with 

both crime and sprawl—from previous sprawl models appears to have led to the 

upwardly biased coefficient estimates on crime.  Similar issues with omitted variable 

bias appear to have affected estimates of the impact of sprawl on crime.  Nevertheless, 

as we will see, a strong indirect relationship exists between sprawl and crime. 

As shown in Tables 9, 10, and 11  (standard errors are in parentheses and 

variables statistically significant at the 10% level are bolded), substituting once-lagged 

changes in crime, sprawl and neighborhood effects for contemporaneous changes in 

these variables significantly boosts the R-squared across all specifications (compare to 

results in Tables 6 and 7).  This is not due to the inclusion of lagged changes in the 

dependent variable as independent variables: even when the autoregressive terms were 

omitted from these specifications, the R-squared statistics were significantly higher than 

in the previous non-lagged regressions.  (For example, omitting the autoregressive term 

had the largest impact on the first sprawl specification, which reduced the R-squared 
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from 0.8543 to 0.7345, but even with this reduction the R-squared was still significantly 

higher than the R-squared of 0.5854 for the non-lagged specification of this model.)  

While this may initially seem surprising, upon more reflection this seems intuitive: it 

takes time for residents—especially homeowners—to internalize these subtle changes in 

their environment and make decisions accordingly.
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Table 9—Results of Once-Lagged Crime Regressions 

Independent Variables Dependent Variables 

  

 ∆ City 
property 

crime rate 

∆ City 
violent 

crime rate 
∆ City 

murder rate 

Lagged ∆ Property crime (per 1,000) 
-0.3038 

(0.1056) N/A N/A 

Lagged ∆ Violent crime (per 1,000) N/A 
-0.1901 

(0.0982) N/A 

Lagged ∆ Murder (per 1,000) N/A N/A 
-0.3973 

(0.1134) 

Lagged ∆ Log  of city population 
28.3014 

(27.1402) 
15.3022 
(9.6351) 

-0.2223 
(0.1836) 

Lagged ∆ Percent of metro census tracts 
suburban 

-13.6578 
(37.3901) 

11.5118 
(13.4144) 

0.1055 
(0.2555) 

Lagged ∆ Average metro tract density 
-0.0041 

(0.0030) 
-0.0010 

(0.0010) 
-0.0000 

(0.0000) 

Lagged ∆ Percent tracts with >20% 
poverty 

23.6403 
(25.8590) 

8.2524 
(9.2492) 

0.1101 
(0.1774) 

Lagged ∆ Percent tracts with >40% 
poverty 

67.0938 
(32.0281) 

28.7220 
(11.5390) 

-0.0516 
(02192) 

Lagged ∆ Average city census tract ratio 
of 80th to 20th percentile of income 

-4.9337 
(4.3155) 

-3.8013 
(1.5522) 

-0.0023 
(0.0296) 

∆ Percent white 
-26.7965 

(48.6349) 
-26.0576 

(17.2971) 
-0.9168 

(0.3276) 

∆ Percent 18-24 
313.2862 
(234.570) 

61.6638 
(82.8833) 

1.4473 
(1.5730) 

∆ Percent 25-44 
549.041 

(195.161) 
190.063 
(66.783) 

2.9082 
(1.2710) 

∆ Percent 45-64 
27.5462 

(211.910) 
26.6102 

(75.7080) 
1.3541 

(2.4083) 

∆ Percent 65+ 
430.175 

(163.969) 
107.580 

(58.0564) 
2.9604 

(1.0977) 

∆ Percent high school graduate 
130.425 
(79.198) 

30.7727 
(27.5520) 

-0.6726 
(0.5323) 

∆ Percent below poverty level 
203.036 

(78.2339) 
55.4072 

(30.5539) 
1.0306 

(0.5307) 

∆ Percent employed in manufacturing 
349.027 

(98.8428) 
95.2330 

(34.9145) 
1.9482 

(0.6641) 

∆ Percent unemployed 
335.841 

(139.920) 
95.3843 

(50.3722) 
0.6796 

(0.9268) 

∆ Ratio of city median family income to 
national median family income 

-7.3553 
(14.0771) 

-4.3959 
(5.1351) 

0.0871 
(0.0957) 

Model R-squared 0.577 0.6209 0.435 

P-value for joint significance of sprawl 0.4356 0.3263 0.2441 

P-value for joint significance of 
neighborhood effects 0.0195 0.0022 0.9257 
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Table 10—Results of Once-Lagged Sprawl Regressions 

Independent Variables Dependent Variables 

  

∆Log of 
city 

population 

∆Percent 
metro 
tracts 

suburban 

∆ Average 
metro tract 

density 

Lagged ∆ Property crime (per 1,000) 
0.0007 

(0.0003) 
-0.0006 

(0.0002) 
4.3848 

(2.9084) 

Lagged ∆ Violent crime (per 1,000) 
-0.0002 

(0.0008) 
0.0005 

(0.0006) 
-4.4373 

(7.4425) 

Lagged ∆ Murder (per 1,000) 
-0.0262 

(0.0456) 
0.0259 

(0.0359) 
58.8452 

(454.931) 

Lagged ∆ Log  of city population 
0.5770 

(0.0694) N/A N/A 

Lagged ∆ Percent of metro census 
tracts suburban N/A 

0.0455 
(0.0769) N/A 

Lagged ∆ Average metro tract density N/A N/A 
0.1803 

(0.0748) 

Lagged ∆ Percent tracts with >20% 
poverty 

0.0321 
(0.0691) 

0.1086 
(0.0556) 

-2031.82 
(689.141) 

Lagged ∆ Percent tracts with >40% 
poverty 

-0.2056 
(0.0877) 

0.0110 
(0.0699) 

-2092.60 
(859.461) 

Lagged ∆ Average city census tract 
ratio of 80th to 20th percentile of 
income 

-0.0277 
(0.0115) 

0.0015 
(0.0087) 

113.042 
(106.748) 

∆ Percent white 
0.1928  

(0.1283) 
-0.2000 

(0.0999) 
-2641.797 

(1241.213) 

∆ Percent 18-24 
0.7334 

(0.5900) 
1.1260 

(0.4682) 
11586.65 
(6015.03) 

∆ Percent 25-44 
0.0781 

(0.4952) 
-0.6158 

(0.3995) 
3938.14 

(4925.19) 

∆ Percent 45-64 
-1.5253 

(0.5420) 
0.03374 
(0.4306) 

-5227.03 
(5329.96) 

∆ Percent 65+ 
-2.3503 

(0.4292) 
0.7123 

(0.3418) 
-6111.80 

(4311.86) 

∆ Percent high school graduate 
-0.2512 

(0.2017) 
0.3075 

(0.1158) 
-8384.85 

(1656.08) 

∆ Percent below poverty level 
-0.4706 

(0.2262) 
0.0981 

(0.1773) 
-10288.86 
(2170.36) 

∆ Percent employed in manufacturing 
0.1659 

(0.2322) 
-0.2651 

(0.1906) 
-8605.86 

(2426.97) 

∆ Percent unemployed 
-0.9359 

(0.3666) 
0.4901 

(0.2941) 
5450.88 

(3657.08) 

∆ Ratio of city median family income 
to national median family income 

0.0508 
(0.0372) 

0.0233 
(0.0298) 

-72.9480 
(374.017) 

Model R-squared 0.8543 0.6579 0.6615 

P-value for joint significance of crime 0.0861 0.1002 0.4259 

P-value for joint significance of 
neighborhood effects 0.0005 0.0255 0.0000 
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Table 11—Results of Once-Lagged Neighborhood Effects Regressions 

Independent Variables Dependent Variables 

  

∆ Percent 
city tracts 

>20% 
poverty 

∆ Percent 
city tracts 

>40% 
poverty 

∆ Average 
city tract 

inequality 
ratio 

Lagged ∆ Property crime (per 1,000) 
0.0007 

(0.0004) 
-0.0000 

(0.0003) 
0.0044 

(0.0026) 

Lagged ∆ Violent crime (per 1,000) 
-0.0001 

(0.0009) 
-0.0003 

(0.0006) 
0.0075 

(0.0066) 

Lagged ∆ Murder (per 1,000) 
-0.0494 

(0.0541) 
0.0416 

(0.0399) 
-0.4158 

(0.4101) 

Lagged ∆ Log  of city population 
-0.0339 

(0.0805) 
-0.0429 

(0.0603) 
-0.7174 

(0.6406) 

Lagged ∆ Percent of metro census tracts 
suburban 

0.2302 
(0.1181) 

-0.0549 
(0.0874) 

1.6065 
(0.8757) 

Lagged ∆ Average metro tract density 
0.0000 

(0.0000) 
0.0000 

(0.0000) 
-0.0001 

(0.0000) 

Lagged ∆ Percent tracts with >20% 
poverty 

-0.1108 
(0.0619) N/A N/A 

Lagged ∆ Percent tracts with >40% 
poverty N/A 

-0.1819 
(0.0592) N/A 

Lagged ∆ Average city census tract ratio 
of 80th to 20th percentile of income N/A N/A 

-0.1736 
(0.0924) 

∆ Percent white 
0.2657 

(0.1538) 
0.0082 

(0.1125) 
0.1745 

(1.1399) 

∆ Percent 18-24 
-0.4741 

(0.7096) 
0.7128 

(0.5326) 
4.1860 

(5.3658) 

∆ Percent 25-44 
-1.4255 

(0.5841) 
1.1739 

(0.4347) 
0.0620 

(4.3890) 

∆ Percent 45-64 
1.3970 

(0.6425) 
1.0095 

(0.4800) 
8.7804 

(4.8520) 

∆ Percent 65+ 
-0.5446 

(0.5186) 
0.7235 

(0.3887) 
-0.1794 

(3.9057) 

∆ Percent high school graduate 
-0.1301 

(0.2488) 
-0.0182 

(0.1793) 
-0.9484 

(1.8021) 

∆ Percent below poverty level 
2.2681 

(0.2513) 
2.1248 

(0.1974) 
11.7585 
(1.9376) 

∆ Percent employed in manufacturing 
0.1515 

(0.2907) 
0.0070 

(0.2172) 
-3.8459 

(2.2118) 

∆ Percent unemployed 
0.4252 

(0.4274) 
-0.1272 

(0.3251) 
-4.1170 

(3.2000) 

∆ Ratio of city median family income to 
national median family income 

-0.0387 
(0.0439) 

-0.0443 
(0.0327) 

-1.1795 
(0.3370) 

Model R-squared 0.7916 0.8662 0.7083 

P-value for joint significance of crime 0.2713 0.7463 0.1547 

P-value for joint significance of sprawl 0.095 0.8333 0.0066 
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Even with these robust models, however, the once-lagged sprawl variables are 

not jointly significant in any of the crime specifications, and the once-lagged crime 

variables are not jointly significant in two of the three sprawl specifications.  Contrary 

to expectations, however, lagged changes in property crime are positively associated 

with changes in the log of city population.  In other words, increases in property crime 

precede increases in city population.  While this result is unexpected, it is important to 

note that the statistical significance of the coefficient estimate on property crime is 

driven by its very small standard error; the effect of lagged property crime on city 

population, while positive, is essentially zero. 

In contrast, the neighborhood effects variables were highly statistically 

significant in two of the three crime specifications and all of the sprawl specifications.   

In the crime models, increases in the proportion of city census tracts with greater than 

40 percent poverty led to statistically significant increases in both property crime and 

overall violent crime in the subsequent decade.  More socio-economically diverse 

neighborhoods had the opposite impact on crime (although the impact on crime was not 

statistically significant).  For both the property crime and violent crime specifications, 

the neighborhood effects variables were jointly significant at the 2 percent level.  This 

contrasts with the non-lagged regression results presented in Table 7, in which the 

neighborhood effects variables were not jointly significant at the 5 percent level in any 

of the three crime specifications, and suggests that there is a substantial lag between the 

time the middle class deserts the inner city and the time the full impact of their desertion 

manifests itself in crime rates.  In the sprawl models, increasing concentrations of 
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poverty led to decreasing city populations, increasing rates of suburbanization, and 

decreasing metro area densities in the subsequent decade.  Surprisingly, however, an 

increase in neighborhood socio-economic diversity was associated with a slight 

decrease in city population in the subsequent decade. 

Analyzed as a whole, the lagged specifications illustrate a vicious cycle that was 

somewhat obscured in the earlier simultaneous-change models.  In the lagged models, 

we can now see clearly that increasing concentrations of city poverty preceded increases 

in sprawl.  But sprawl also preceded increases in city concentrated poverty, as 

evidenced by the inverse (non-statistically significant) relationship between lagged 

changes in the log of city population and concentrated poverty and the positive, 

statistically significant relationship between lagged changes in the percent of metro 

census tracts suburbanized and concentrated city poverty.  The coefficient estimates on 

the autoregressive lagged variables in the sprawl specifications further hints at this 

vicious cycle: city population growth in one decade was a strong predictor of city 

population growth in the next decade, and the converse was also true; metro areas that 

increased the proportion of their census tracts classified as suburban in one decade 

tended to do so in the next (and vice versa), and density trends followed a similar 

pattern.  A city with rising poverty concentrations tended to see population losses, these 

population losses further exacerbated poverty concentration, and this further 

concentration prompted even more middle class residents to leave.  The result of this 

poverty concentration—of which sprawl is both a symptom and a cause—was, in turn, 

more crime: Lagged increases in poverty and lagged decreases in neighborhood socio-
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economic diversity were associated with increases in property crime and overall violent 

crime.  The impact on murder rates was somewhat more ambiguous, as the 

neighborhood effects variables were not jointly significant. 

 

Conclusion 

 

Previous research has focused primarily on the link between neighborhood 

characteristics and individual outcomes, or on the link between suburbanization—

inconsistently defined—and crime.  This study, however, may be the first to integrate 

the study of urban crime trends, metropolitan growth patterns, and neighborhood effects 

into a coherent framework.  It is also the first to include data from the 2000 census and 

the first to include multiple definitions of sprawl/suburbanization in its ordinary least 

squares regression models in order to determine whether the disparate results reported 

by other researchers stem in fact from definitional differences. 

The results of the once-lagged regressions conducted for this study demonstrate 

that the link between crime and sprawl is much more complex than that previously 

posited.  It appears that increasing concentrations of urban poverty exacerbate sprawl, 

and that sprawl in turn exacerbates this concentration of poverty.  It is this concentrated 

poverty—which is both the cause and the result of sprawl—that plays an important role 

in determining crime trends. 

This research suggests that changes in the proportion of city census tracts with 

very high poverty concentrations can serve as an important warning signal of impending 
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population losses and crime waves.  More research needs to be done to determine what 

is the critical “tipping point”; however, results from this study suggest that the threshold 

at which concentrated poverty becomes an important predictor of population loss and 

increased crime is closer to the 40 percent poverty level than the 20 percent poverty 

level.  The interpretation of the coefficient estimate on neighborhood income inequality 

was often more ambiguous.  This is likely due to the arbitrary use of the 20th and 80th 

percentile of income to construct the ratio.   Future researchers may wish to examine the 

impact of changes in other percentiles of income on crime and sprawl.  Even though 

there remains some degree of ambiguity, the overall policy implication is clear: 

promoting mixed-income neighborhoods with poverty concentrations below 40 percent 

will have positive effects both on cities and on their surrounding regions.  Policies that 

concentrate the poor, such as large public housing projects and restrictive housing 

voucher program, should be seriously reconsidered. 
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