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Introduction 

Over the past few decades, American cities have undergone dramatic change driven in 

large part by two major trends: the fall of violence, and the rise of urban inequality. From 1991 

to 2016, the national homicide rate was cut roughly in half, and in cities like New York, Los 

Angeles, Dallas, Fort Worth, and San Diego, the level of violence has fallen by anywhere from 

50 percent to 80 percent (United States Department of Justice 2015). Over the same period, 

rising economic inequality in the U.S. population has become manifest in its neighborhoods, as 

the sorting of high- and low-income families into separate communities has risen steadily since 

the 1970s (Reardon and Bischoff 2011).   

The two trends are often assumed to be related to each other. Some research argues that 

gentrification has contributed to the crime decline (Papachristos et al. 2011), while a much larger 

literature on neighborhood change and gentrification suggests that the decline of violence has 

paved the way for processes of change to take place in central-city neighborhoods, leading to 

new investment, amenities and social services, rising property values, the entry of highly-

educated, wealthy, white residents, and the exit or displacement of low-income individuals from 

racial and ethnic minority groups (Ehrenhalt 2012; Ellen, Horn and Reed 2017; Florida 2017; 

Hyra 2017).  

Despite the attention given to the relationship between declining violence and rising 

inequality, there has been no research designed to assess whether the fall of urban violence has 

had a causal impact on shifts in the configuration of urban populations in city neighborhoods. In 

this study, we present evidence on the impact of declining violence on economic segregation and 

poverty concentration, using temporal shocks to city violent crime rates to identify causal effects. 

Our findings indicate that while the crime decline has not overturned the trend toward rising 

economic segregation, it has slowed its pace—in cities where crime declined more substantially, 

the segregation of poor households has grown more slowly (and in some cities, it has reversed). 
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We argue that the impact of the crime drop on economic segregation is causal, and is driven by 

demographic changes taking place in poor neighborhoods.  

Our results provide no evidence of large-scale displacement of poor residents, but instead 

show that falling violence led to an inflow of college-educated population moving into relatively 

high-poverty neighborhoods. Although the rise of urban inequality has continued even as 

violence has fallen, the crime decline has had its greatest impact on concentrated poverty, which 

has long been thought of as the most problematic and harmful dimensions of urban inequality.  

 

Falling violence and rising inequality 

Since the early 1990s, the national homicide rate has fallen by almost 50 percent, and 

rates of aggravated assault, robbery, and sexual assault have declined by similar amounts. 

Virtually every major city in the country has experienced a crime drop to some degree. In cities 

like Atlanta, Dallas, Denver, Fort Worth, Los Angeles, and San Diego, the level of violence has 

fallen by anywhere from 50 percent to 80 percent (Federal Bureau of Investigation 2015). In 

places that continue to have high levels of violence like Baltimore, Chicago, and New Orleans, 

the homicide rate has declined by anywhere from 25 to 50 percent.  

At the neighborhood level, the decline of violence has been experienced in both poor and 

non-poor communities, but the greatest changes have occurred in the most violent communities. 

Analyzing data from six cities with neighborhood-level data on crime going back at least a 

decade, Friedson and Sharkey (2015) show that that the largest declines in community violence 

took place in the poorest, most segregated, and most violent neighborhoods in all six cities. At all 

levels and by all measures, “The Great American Crime Decline” (Zimring 2006) represents one 

of the most dramatic changes that US cities have undergone in the last two decades. 

At the same time than violence was falling, another major trend was reshaping American 

cities: the rise in economic inequality. In 1970, the nation’s Gini index, the most commonly used 

summary measure of income inequality, was 0.39, and by 2014, the index had grown to 0.46 

(United States Census Bureau 2015). This growth in economic inequality has been driven by the 

widening of incomes at the upper end of the income distribution. Between 1970 and 2010, the 

income ratio between earners at the top 90th percentile and earners at the 50th percentile increased 

by 30 percent. During the same period, the income ratio between earners at the bottom 10th 

percentile and the 50th percentile shrunk by 7 percent (Autor, Katz, and Kearney 2008). As a 
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result, the share of income earned by the top 10 percent of earners increased from 8 percent in 

1970 to 45 percent in 2006 (Atkinson, Piketty, and Saez 2011).  

Cities and neighborhoods have not been immune to the rise in economic inequality. Since 

1970, low-income households have become less likely to share neighborhoods with high-income 

households, the number of households living in either low-income neighborhoods or high-

income neighborhoods has doubled, and the proportion of families living in middle-income 

neighborhoods has declined from 65 percent to 44 percent.  Income segregation remained stable 

in the 1970s, rose substantially in the 1980s, and declined in the 1990s before increasing again in 

the 2000s. The net change in overall income segregation from 1970 to 2009 represents a growth 

by 1.2 standard deviations (Reardon and Bischoff 2011). 

Much of the rise in economic segregation is driven by the segregation of the most 

affluent families and by the increase in median income in the neighborhoods where these 

household live (Reardon, Fox and Townsend 2015). Between 1980 and 2010, the share of upper-

income households living in majority upper-income tracts increased from 9 to 18 percent. During 

the same period, the share of lower-income households living in majority lower income tracts 

increased from 23 to 25 percent only (Fry and Taylor 2012). 

At the same time that the most affluent households were pulling away from the rest of the 

population, college-educated, mostly white residents were moving into low-income, central-city 

neighborhoods in growing numbers. Although some neighborhoods in East Coast cities such as 

New York and Boston started to gentrify in the 1980s, gentrification took off in the 1990s and 

accelerated during the 2000s (Ellen and O’Regan 2008).  In the 1990s, of all central city 

neighborhoods that were initially low-income in 1990, 14 percent of them experienced large 

relative gains in median income, 25 percent experienced large relative gains in the share of 

college educated residents, and 7 percent experienced large relative gains in the share of non-

Hispanic white residents. During the 2000s, among all central city neighborhoods that were low-

income at the start of the decade, 14 percent of them experienced large relative gains in median 

income, 35 percent experienced large relative gains in the share of college educated residents, 

and 18 percent experienced large relative gains in the share of non-Hispanic white residents 

(Ellen and Ding 2016).1  

                                                      
1 Ellen and Ding (2016) define a neighborhood as “low-income” if the census tract was at the bottom 40th percentile 
of the median income distribution in the metropolitan area where it belongs. They define “large relative gains” as 
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The trends in income segregation, driven mostly by the segregation of affluent families, 

and the gentrification of low-income neighborhoods paint a nuanced picture of how American 

cities have been reshaped in the last 25 years. These profound changes in the configuration of 

urban neighborhoods have taken place during a time in which cities experienced one of the 

steepest and most sustained declines in violence in US history. Although some attention has been 

given to the relationship between declining violence and neighborhood change during this period 

of rising economic inequality (Ellen, Horn and Reed 2017; Ehrenhalt 2012; Florida 2017; Hyra 

2017), there has been no research designed to assess whether the fall of urban violence has had a 

causal impact on the demographic and socio-economic shifts that city neighborhoods have 

experienced. 

 Building on a large strand of research showing that violent crime plays a central role in 

the sorting of city residents, this article assesses whether the decline of violence has had an effect 

on changes in economic segregation and poverty concentration. We argue that one consequence 

of declining violence is to change the way that residents think about different potential 

neighborhoods within cities. To produce casual estimates of the relationship between crime and 

income segregation, we leverage the quasi-random allocation of funds to hire police officers 

through the Community Oriented Policing Service (COPS) program as an instrumental varaible 

for changes in crime rates. 

 

Data 

Income segregation  

To compute segregation indices and poverty concentration, we use tract-level data from 

the 2010 Neighborhood Change Data Base (NCDB) from years 1990 and 2000 and 5-year 

estimates from the American Community Survey for years 2006-2010 and 2011-2015. The 

NCDB data allow us to maintain census tract boundaries consistent over time. For each census 

tract, we observe the number of families with income within a certain range (for example, the 

number of families in the census tract earning between $30,000 and $35,000). These income 

brackets are different across decades, but the methodology that we employ allows us to recover 

income percentiles and compute measures of segregation for percentiles rather than for income 

                                                      
increases in the ratio of the census tract value to the metropolitan area average of more than 10 percentage points 
(for example, an increase in tract median income from 60 percent to 75 percent of the average metropolitan income). 
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levels. 

Our measure of income segregation is the Information Theory (H) index, which we 

compute using methodology described in Reardon (2011). This segregation index captures the 

degree to which families with incomes below a given percentile in the family income distribution 

are segregated from families with incomes at or above that percentile.2 For example, the H10 

index measures the residential segregation of families below the 10th percentile of the family 

income distribution from families at or above the 10th percentile. Analogously, the H90 index 

measures the residential segregation of families below the 90th percentile of the family income 

distribution from families at or above the 90th percentile.3 We generate indices for all percentiles 

of the family income distribution, H1 to H100.  

The Information Theory index is inherently binary in the sense that it measures the 

degree to which families of a certain type (those earning below an income percentile) are 

spatially segregated from families of another type (those earning at or above that same income 

percentile). This approach enables us to separately examine changes in income segregation at all 

percentiles of the family income distribution. A similar version of the Information Theory index 

that is commonly used in the literature is the rank-order Information Index (Reardon and 

Bischoff 2011; Owens, Reardon, and Jencks, 2016). The rank-order Information Theory index is 

a weighted average of all binary Information Theory indices computed at all income thresholds. 

Given our particular interest in how the fall of violence has affected the concentration of poverty 

and affluence, we use the Information Theory index in its binary form to evaluate changes in the 

segregation of poor and affluent families.  

One advantage of the Information Theory index over other measures of income 

segregation is that it is computed from families’ ranks in the income distribution rather than from 

their actual income levels. Relying on ranks rather than income levels makes the Information 

Theory index less sensitive to changes in the shape of the income distribution that may arise 

from increasing income inequality over time (Reardon 2011). While it could be informative to 

examine the segregation of families earning less than $20,000 from families earning $20,000 or 

                                                      
2 For comprehensive reviews of the strengths and limitations of the H index and other commonly used indices of 
segregation see Reardon and Firebaugh (2002) and Reardon and O’Sullivan (2004).  
3 Because of the binary nature of the H index, H90 can be interpreted as the segregation of families with incomes 
below the 90th percentile from the rest, or as the segregation of families with incomes at or above the 90th percentile 
from the rest. The two statements are equivalent. We prefer the latter because it better conveys the notion of 
measuring the degree to which the most affluent families are segregated from the rest.  
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more in a cross-section of cities, for example, estimating trends over time for that metric of 

segregation would be complicated by the fact that the distribution of family income may have 

widened in times of increasing income inequality. The use of percentile ranks circumvents this 

issue because the share of families below a given percentile remains constant over time.  

One limitation of the Information Theory index is its interpretation. While other measures 

of segregation such as the Dissimilarity and Exposure indices have straightforward 

interpretations that can be translated into population shares, the Information Theory index does 

not have an intuitive numerical interpretation of this sort. The index ranges from 0 to 100, with 0 

being a city with no segregation and 100 being a city with total segregation. It can be interpreted 

as the percentage of the variation in income that lies between tracts rather than within tracts 

(Owens, Reardon, and Jencks, 2016). For example, the H10 index for Chicago in 1990 was 18.9, 

which means that 18.9 percent of the variation in the number of families with incomes below the 

10th percentile was between tracts, and the remaining 81.1 percent was within tracts. By 2015, 

the segregation of poor families in Chicago had declined substantially and a smaller share of the 

variation in the number of families with incomes below the 10th percentile was between tracts 

(H10 = 13.6).  

We compute Information Indices at all percentiles for the largest 500 cities for years 

1990, 2000, 2010, and 2015. Because some of these cities have missing crime data, our analytic 

sample includes 474 cities. Figure 1 shows the change in the H index between 1990 and 2015 

measured at all percentiles of the family income distribution in the 474 cities in our sample. For 

example, the city-level segregation of families with income below the 10th percentile decreased 

by 1 point and the city-level segregation of families with income at or above the 90th percentile 

increased by 2 points.  

 

Crime 

We use crime data from the FBI’s Uniform Crime Reporting Program: Offenses Known 

and Clearances by Arrest from years 1989, 1990, 1999, 2000, 2009, 2010, 2014, and 2015 to 

compute two-year averages that we match to measures of segregation for years 1990, 2000, 

2010, and 2015. The data from the Offenses Known and Clearances by Arrest are at the law 

enforcement agencies. We use the Law Enforcement Agency Identifiers Crosswalk (Bureau of 

Justice Statistics 2012) to aggregate law enforcement agency-level crime reports to the city 
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level.4 We focus on Type 1 offenses, which we group in property crimes (burglary, larceny-theft, 

and motor vehicle theft.) and violent crimes (murder and manslaughter, forcible rape, robbery, 

and aggravated assault). 

 

Demographics 

We use place-level data from the 1990 Census and the 2011-2015 American Community 

Survey to account for changes between 1990 and 2015 in population density, percentage of non-

Hispanic African-American residents, percentage of non-Hispanic white residents, percentage of 

Hispanics residents, percentage of foreign-born residents, and percentage of residents below the 

poverty line. 

  

Empirical strategy 

OLS 

We estimate the association between changes in crime and changes in income segregation 

by specifying a model of long-term changes in which we regress city-level changes in income 

segregation between 1990 and 2015 on city-level changes in crime rates between 1990 and 

2014.5 The model takes the following form: 

Δ����
�

=  � +  ����
�

 Δ������  +  ��′� � +  ��         (1) 

In Equation (1), Δ����
�
 is the 1990-2015 change in the residential segregation of families 

with income below percentile p in city i; Δ������ is the change in the log of the crime rate 

between 1990 and 2014 in city i;  ��′� is a vector of controls that accounts for 1990-2015 

changes in population density, racial composition, and poverty rate in city i; and �� is an 

idiosyncratic error term. ����
�  will estimate the relationship between changes in crime rates and 

changes in the segregation of families with income below percentile p. We specify separate 

equations that estimate the association between changes in income residential segregation and 

                                                      
4 Most cities include only one law enforcement agency. However, in large cities like New York, crime reports 
originate from several law enforcement agencies (e.g., New York Police Department, Metropolitan Police 
Department, and so on). We aggregate crime reports of all agencies whose jurisdiction is inside the city limits, as 
defined by the Law Enforcement Agency Identifiers Crosswalk. We exclude from these counts any reports from 
agencies whose jurisdiction straddles across city boundaries (e.g., state police departments).  
5 We compute income residential segregation in 1990 and 2015 using data from the 1990 Census and the 5-year 
estimates from the American Community Survey 2011-2015, respectively. Crime rates in 1990 are the average of 
crime rates in years 1989 and 1990, and crime rates in 2014 are the average of crime rates in years 2013 and 2014.  
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changes in violent crime, property crime, and murder rates. Our main focus is on changes in the 

segregation of families with income below the 10th percentile (H10) and the segregation of 

families with income at or above the 90th percentile (H90). All models include city population 

weights and heteroskedasticity-robust standard errors.  

  

Instrumental variable estimation  

One potential limitation of the estimation represented in Equation (1) is that the 

association captured by ���� could be driven by a reverse causality process in which changes in 

income segregation lead to changes in crime rates. 

To account for reverse causality processes and for the endogeneity of changes in crime 

rates, we employ an instrumental variable (IV) strategy that exploits the timing of grants that law 

enforcement agencies received under the Community Oriented Policing Service (COPS) 

program. The COPS program was established in 1994 as part of the Violent Crime Control and 

Law Enforcement Act. Through the COPS Universal Hiring Program, police departments that 

applied for grants received funding to cover 75% of the cost of hiring and re-hiring entry-level 

career law enforcement officers. By end of fiscal year 2004, the COPS program had distributed 

$11.3 billion in grants, with $5 billion of these funds being spent to hire 64,000 new police 

officers (Evans and Owens, 2007). By 2016, the COPS program had distributed approximately 

$14.9 billion in grants across 13,000 law enforcement agencies (Office of Community Oriented 

Policing Services 2017). 

Evans and Owens (2007) documented that 90% of cities with population between 25,000 

and 100,000 residents and 98% of cities with population over 250,000 received COPS grants. 

The authors found that the addition of police officers through the COPS grants program 

generated statistically significant reductions in violent and property crimes. They also showed 

that although the total grant amount received over the 1994-2002 period was correlated with the 

size of the police force and crime levels in 1993, it was uncorrelated with changes in crime rates 

that predated the start of the COPS program. Qualitative evidence gathered by Evans and Owens 

through conversations with police agencies indicated that agencies faced low barriers to apply 

and a simple application process.6 They go on to present robust evidence across different model 

                                                      
6 Evans and Owens (2007) note that the applications that law enforcement agencies submitted were often shorter 
than 300 words and that virtually every agency that submitted an application received a grant.    
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specifications that there was no correlation between the timing of the receipt of the grants and 

prior crime trends. This feature of the COPS program makes the hiring of police officers through 

the COPS grants a candidate for an instrument for crime rates in the context of the model 

specification that we have described previously. For a recent application of the COPS grants as 

an instrument for crime rates see Sharkey and Torrats-Espinosa (2017).  

We carry out the instrumental variable estimation using the following system of 

equations: 

Δ������ =  � + ��  Δ�����  +  ��′� � +  ��         (2.1) 

Δ����
�

    =  � + ��
�

 Δ�����  +  ��′� � +  ��         (2.2) 

In Equations (2.1) and (2.2), Δ������, Δ����
�
, and  ��′� have the same interpretation 

than in Equation (1).  Δ����� is the change in the cumulative number of police officers per 

capita hired through the COPS program between 1990 and 2010 in city i.7 Equation (2.1) is the 

first-stage equation and serves us to estimate the impact of changes in the instrument on changes 

in crime rates, ��. Equation (2.2) is the reduced-form equation and estimates the direct effect of 

the instrument on the residential segregation of families with income below percentile p, ��
�

. The 

IV estimate of the impact of crime rates on the residential segregation of families with income 

below percentile p, ���
� , is obtained by dividing the corresponding reduced-form estimate over 

the first-stage estimate (���
� =  ��

�/��). We specify separate equations to estimate the causal 

effect of changes in violent crime, property crime, and murder rates  on income residential 

segregation. As before, we focus on the impact of crime on changes in the H10 and H90 indices. 

All models include city population weights and heteroskedasticity-robust standard errors.  

To identify the causal effect crime on income residential segregation, the COPS 

instrument must satisfy two conditions. First, the relevance condition requires that larger 

increases in the per capita number of police officers hired through the COPS program should 

                                                      
7 Since the COPS program started in 1993, the number of police officers hired through the COPS program in 1990 is 
zero for all cities, which means that  Δ�����  measures the total number of police officers that were hired by 2010 in 
city i. We obtain the same results when we use the change between 1993 and 2010 in the number of police officers 
per capita as our instrument. To maintain the temporal order in the causal chain, we prefer measuring changes in the 
number of police officers per capita between 1990 and 2010, with the value for 1990 set to zero. In an alternate 
instrumental variable estimation, we use the cumulative dollar amount per capita of the grants as our instrument for 
changes in crime rates. As shown in Tables A1 and A2 in the Appendix, we obtain qualitatively the same point 
estimates in the first and second stage equations. The use of the cumulative number of police officers hired up to 
2010 is justified by the findings of Evans and Owens (2007), who showed that police agencies were able to retain 
the police officers that were hired through the COPS grants in each year.  
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translate in larger crime drops in the city. The validity of this condition can be tested by 

examining the estimate for �� in the first-stage equation.  In Table 2, we show that each ten 

additional officers hired through the COPS program in a city of 100,000 residents led to a 

reduction in property and violent crime rates of 3 and 5 percent, respectively.  

The second condition necessary in the estimation of the causal effect of crime on income 

segregation is that the instrument must be exogenous relative to pre-existing trends in crime and 

income segregation. While we cannot provide conclusive evidence on this requirement, we can 

examine whether prior changes in crime rates and in demographic characteristics predict the 

number of police officers that were hired through the grants in subsequent years. In Table 3 we 

examine whether 1990 levels of and 1980-1990 changes in crime rates, income segregation, 

racial composition, and poverty rate are predictive of the cumulative number of police officers 

that were hired from 1990 to 2010. Each column reports the coefficient from a bi-variate 

regression in which the dependent variable is the log of police officers per capita hired through 

the COPS grants program between 1990 and 2010 and the independent variable is the level of or 

the change in the corresponding predictor listed on the left. We find that cities that were more 

violent, more segregated by income, had a larger share of black residents, and had higher poverty 

rates in 1990 hired more police officers during the period of our analysis. However, cities in 

which these demographic conditions changed more rapidly during the 1980s did not see larger 

rates of hiring through the COPS program in the 1990s and 2000s. This set of findings is 

consistent with evidence from Evans and Owens (2007), who showed that the COPS grants did 

not systematically target cities based on either recent changes in crime or improving or declining 

economic conditions.  

 

Results 

OLS estimates 

We start by estimating the bi-variate, unconditional relationship between changes in 

crime rates and changes in the segregation of poverty (H10) and the segregation of affluence 

(H90). The population-weighted scatterplots in Figure 2 reveal a strong, positive relationship 

between changes in violent and property crime rates and changes in the segregation of families 

with incomes below the 10th percentile. A one standard deviation decline in violent crime is 

associated with a .13 standard deviation decrease in the segregation of families with incomes 
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below the 10th percentile. When we look at the relationship between changes in crime and 

changes in the segregation of families with income at or above the 90th percentile we don’t find 

any apparent relationship.  

Table 4 shows OLS estimates from Equation (1). We find that a one standard deviation 

decrease in property crime is associated with a .16 standard deviation decrease in the segregation 

of families with incomes below the 10th percentile and with a .08 standard deviation increase in 

the segregation of families with incomes above the 90th percentile. For violent crime, we find 

that a one standard deviation decrease is associated with a .21 standard deviation decrease in the 

segregation of families with incomes below the 10th percentile and with a .22 standard deviation 

increase in the segregation of families with incomes above the 90th percentile.  

 

Instrumental variable estimates 

Table 5 shows IV estimates. We find that a one standard deviation decrease in property 

crime is associated with a .66 standard deviation decrease in the segregation of families with 

incomes below the 10th percentile and with a .72 standard deviation increase in the segregation of 

families with incomes above the 90th percentile. For violent crime, we find that a one standard 

deviation decrease is associated with a .70 standard deviation decrease in the segregation of 

families with incomes below the 10th percentile and with a .77 standard deviation increase in the 

segregation of families with incomes above the 90th percentile.  

In Figure 3 we extend our analyses to families with incomes below each income decile. 

Each point estimate and 95% confidence interval come from a separate IV regression of the 

change in the corresponding segregation measure on the change in the log of violent crime and 

the same set of controls listed in Table 5. The point estimate on the far left represents the causal 

effect of violent crime rate on the segregation of families with incomes below the 10th percentile, 

the next point estimate represents the causal effect of violent crime rate on the segregation of 

families with incomes below the 20th percentile, and so forth. The figure shows that a decrease in 

violent crime leads to a decline in the segregation of families with incomes below the 40th 

percentile but an increase in the segregation of families with incomes below the 70th percentile.  

 

Population changes in high-poverty neighborhoods 
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For each city in our sample, we identify the set of Census tracts that had a poverty rate of 

30 percent or more in 1990 and examine population changes that took place in those 

neighborhoods from 1990 to 2015.8 By fixing the set of tracts for which we examine these 

changes, we can isolate the impact of falling crime rates on the outflow of poor families from 

neighborhoods that had high poverty rates in 1990, or the impact of falling crime rates on the 

inflow of college-educated residents into those same high-poverty neighborhoods.  

The population-weighted scatterplot shown on the left in Figure 4 suggests that poor 

residents did not move out from high-poverty neighborhoods at a higher rate in cities were crime 

rates fell more rapidly. Conversely, the scatterplot on the right indicates that college-educated 

residents moved into high-poverty neighborhoods at significantly higher rates in cities that 

experienced larger crime drops between 1990 and 2015.  

To assess the robustness of the bi-variate relationships shown in Figure 4, we estimate 

OLS and IV models using the same specifications represented in Equations (1), (2.1), and (2.2). 

In these models, the outcome variables are the 1990-2015 change in the log number of total 

residents, poor residents, non-poor residents, residents with less than a high-school degree, and 

college-educated residents that were living in Census tracts that had a poverty rate of 30 percent 

or more in 1990.9  

Results from these models are shown in Table 6. Our estimates suggest that falling crime 

rates did not lead to the displacement of poor residents in high-poverty neighborhoods. However, 

we show that a 1% decrease in violent crime lead to a 0.23% percent increase in number of 

college-educated residents (IV estimate is 0.35%). In Table 7 we conduct the same analyses than 

Table 6, but we look at the 1990-2015 change in the share of residents of a given type that were 

living in neighborhoods that had poverty rates of 30 percent of more in 1990.  

 

  

                                                      
8 For this part of the analysis, we work with a smaller sample of cities (N=287). The change in the sample size is 
because we only keep cities that had at least 1,000 residents living in Census tracts that had a poverty rate higher 
than 30% in 1990.  
9 To be clear, these are also city-level models. The dependent variable is computed by subtracting the aggregate 
number of residents of a given type (e.g., college-educated residents) that were living in Census tracts that had a 
poverty rate of 30 percent or more in 1990 from the aggregate the number of residents of a that same type that were 
living in the same set of tracts by 2015.  
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Figure 1: Changes in income segregation at all percentiles, 1990-2015
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Figure 2: Changes in crime and residential segregation of poverty and affluence, 1990-2015

15



-1
0

-5
0

5
10

IV
 e

st
im

at
es

 o
f e

ffe
ct

 v
io

le
nt

 c
rim

e
on

 in
co

m
e 

re
si

de
nt

ia
l s

eg
re

ga
tio

n

10      20      30      40       50       60      70       80      90

Percentile of family income distribution
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Table 1: Population-weighted descriptive statistics (N=474 cities)

1990 2015
Change

1990-2015

Residential segregation by income (0-100)
H10: Segregation of extreme poverty 0.12 0.12 -0.53

(0.05) (0.03) (3.18)
H25: Segregation of poverty 0.12 0.12 -0.10

(0.04) (0.04) (2.62)
H75: Segregation of affluence 0.13 0.16 2.75

(0.05) (0.06) (3.21)
H90: Segregation of extreme affluence 0.17 0.20 2.57

(0.07) (0.07) (4.26)
Crime rates per 100,000 residents
Property crime 7926.79 3845.11 -4081.68

(2428.57) (1530.40) (2122.51)
Violent crime 2235.75 1559.73 -676.03

(1262.20) (1150.21) (1255.06)
Murder 18.64 9.78 -8.86

(14.36) (9.78) (10.80)
Demographics included as controls
% White 57.21 42.07 -15.14

(19.92) (18.13) (8.56)
% Black 21.02 21.12 0.10

(17.38) (17.81) (5.45)
% Hispanic 16.50 25.95 9.46

(16.01) (18.81) (6.82)
% Foreign-born 14.07 20.48 6.41

(12.06) (12.56) (4.30)
% Poor 17.01 20.85 3.84

(6.32) (6.31) (3.38)

Notes: Population weights are held constant at 1990 levels. Income segregation measures
have been computed from tract-level counts from the 1990 Census and the American Com-
munity Survey 2011-2015. Tract boundaries are held constant across decades using 2010
delineations. Crime rates in 1990 are 2-year averages of years 1989 and 1990. Crime
rates in 2015 are 2-year averages of years 2013 and 2014. Demographics have been com-
puted from place-level data from the 1990 Census and the American Community Survey
2011-2015.

17



Table 2: IV first stage estimates

(1) (2) (3)
Property Violent Murder

∆ COPS officers -0.003*** -0.005*** -0.001
(0.001) (0.001) (0.002)

∆ Population density -0.400*** -0.455*** -0.775***
(0.087) (0.171) (0.116)

∆ % White 0.003 0.029*** -0.012
(0.008) (0.011) (0.015)

∆ % Black 0.014 0.060*** 0.013
(0.009) (0.015) (0.017)

∆ % Hispanic -0.001 0.016* -0.002
(0.006) (0.008) (0.011)

∆ % Foreign-born -0.001 0.012 -0.009
(0.010) (0.012) (0.020)

∆ % Poor 0.019** 0.014 0.034***
(0.008) (0.013) (0.011)

F-test IV 10.876 12.663 0.290
Observations 474 474 474
Adj. R2 0.412 0.341 0.390

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard
errors in parenthesis. All models include 1990 population weights.
Change in COPS officers are measured in officers hired per 100,000
residents.

Table 3: Regressions assessing the exogeneity of the COPS instrument

DV: Log of police officers per capita hired through the COPS grants program by 2010
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Log violent crime
1985-1990 change -0.158

(0.209)
1990 level 0.451***

(0.098)
Income segregation
1980-1990 change 0.078

(0.062)
1990 level 0.093***

(0.021)
% Black
1980-1990 change -0.018

(0.037)
1990 level 0.025***

(0.004)
% White
1980-1990 change 0.018

(0.017)
1990 level -0.019***

(0.004)
% Poverty
1980-1990 change -0.028

(0.033)
1990 level 0.072***

(0.010)

Observations 466 466 466 466 466 466 466 466 466 466
Adj. R2 0.001 0.091 0.012 0.124 0.002 0.132 0.006 0.121 0.005 0.177

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard errors in parenthesis. All models include 1990
population weights.
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Table 4: OLS estimates for income segregation

(1) (2) (3) (4) (5) (6)
H10 H90 H10 H90 H10 H90

∆ Log property rate 1.700** -1.220*
(0.750) (0.705)

∆ Log violent rate 1.165** -1.853**
(0.590) (0.742)

∆ Log murder rate 0.327 -0.170
(0.316) (0.367)

∆ Population density 0.731 -2.020 0.587 -2.438** 0.246 -1.622
(1.134) (1.294) (1.128) (1.206) (1.191) (1.326)

∆ % White -0.190*** 0.168** -0.219*** 0.211*** -0.189*** 0.168**
(0.056) (0.079) (0.063) (0.081) (0.059) (0.080)

∆ % Black -0.224*** 0.177* -0.271*** 0.268*** -0.208*** 0.164
(0.074) (0.101) (0.070) (0.093) (0.076) (0.103)

∆ % Hispanic -0.054 0.096 -0.074 0.125* -0.056 0.098
(0.044) (0.066) (0.049) (0.069) (0.046) (0.068)

∆ % Foreign-born -0.194*** 0.377*** -0.210*** 0.402*** -0.193*** 0.377***
(0.062) (0.086) (0.066) (0.087) (0.064) (0.085)

∆ % Poor 0.042 0.010 0.058 0.007 0.057 -0.003
(0.073) (0.082) (0.069) (0.074) (0.078) (0.086)

Observations 474 474 474 474 474 474
Adj. R2 0.076 0.067 0.086 0.113 0.052 0.060

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard errors in parenthesis. All models include 1990
population weights.

Table 5: IV estimates for income segregation

(1) (2) (3) (4) (5) (6)
H10 H90 H10 H90 H10 H90

∆ Log property rate 6.603** -10.691*
(3.187) (5.773)

∆ Log violent rate 3.953** -6.400**
(1.842) (2.940)

∆ Log murder rate 14.577 -23.604
(19.112) (33.849)

∆ Population density 3.101* -5.954** 2.281** -4.626** 11.289 -19.212
(1.738) (2.943) (1.146) (1.847) (14.592) (25.297)

∆ % White -0.162** 0.145 -0.260*** 0.304*** 0.035 -0.174
(0.063) (0.105) (0.078) (0.096) (0.386) (0.673)

∆ % Black -0.230*** 0.322** -0.358*** 0.529*** -0.328 0.480
(0.080) (0.138) (0.121) (0.169) (0.258) (0.435)

∆ % Hispanic -0.009 0.088 -0.077 0.197*** 0.054 -0.014
(0.047) (0.079) (0.060) (0.072) (0.189) (0.329)

∆ % Foreign-born -0.173** 0.370*** -0.227*** 0.456*** 0.020 0.056
(0.081) (0.140) (0.079) (0.104) (0.461) (0.816)

∆ % Poor -0.095 0.125 -0.042 0.040 -0.507 0.792
(0.084) (0.135) (0.073) (0.099) (0.698) (1.227)

Observations 474 474 474 474 474 474

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard errors in parenthesis. All models include 1990
population weights.

19



Table 6: Impact on population changes in tracts with poverty rate above 30% in 1990

∆ Log population ∆ Log poor ∆ Log non-poor ∆ Log less HS ∆ Log college

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
OLS IV OLS IV OLS IV OLS IV OLS IV

∆ Log violent rate -0.003 0.106 0.016 0.099 -0.023 0.053 -0.043 -0.061 -0.227*** -0.354***
(0.034) (0.102) (0.046) (0.104) (0.030) (0.099) (0.070) (0.154) (0.047) (0.124)

Observations 287 287 287 287 287 287 287 287 287 287

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard errors in parenthesis. All models include 1990 population weights
and the same set of controls than those in models shown in Table 4. The sample is restricted to cities that had more than 1,000
residents living in Census tracts that had a poverty rate of at least 30% in 1990. Population changes are measured as the change in
log in the number of residents living in tracts that had a poverty rate of at least 30% in 1990. Tract boundaries are held constant
across decades using 2010 delineations. The F-statistic on the excluded instrument in the first stage regression in IV models is
11.69.

Table 7: Impact on changes in share of city population living in tracts with poverty rate above 30% in 1990

∆ Share population ∆ Share poor ∆ Share non-poor ∆ Share less HS ∆ Share college

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
OLS IV OLS IV OLS IV OLS IV OLS IV

∆ Log violent rate -0.009** 0.003 0.000 0.025 -0.016*** -0.042*** -0.017 -0.024 -0.021*** -0.052***
(0.004) (0.013) (0.012) (0.025) (0.005) (0.010) (0.011) (0.022) (0.006) (0.013)

Observations 287 287 287 287 287 287 287 287 287 287

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard errors in parenthesis. All models include 1990 population weights
and the same set of controls than those in models shown in Table 4. The sample is restricted to cities that had more than 1,000
residents living in Census tracts that had a poverty rate of at least 30% in 1990. Changes in shares of city population are computed
as the proportion of residents of a specific group (e.g., residents with a college degree or more) that lived in Census tracts that had a
poverty rate of at least 30% in 1990. Tract boundaries are held constant across decades using 2010 delineations. The F-statistic on
the excluded instrument in the first stage regression in IV models is 11.69.
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Appendix

Table A1: IV first stage estimates (IV: COPS grant amount per capita)

(1) (2) (3)
Property Violent Murder

∆ COPS funds -0.020*** -0.032*** -0.011
(0.006) (0.008) (0.012)

∆ Population density -0.390*** -0.440** -0.760***
(0.087) (0.170) (0.112)

∆ % White 0.001 0.026** -0.012
(0.008) (0.010) (0.014)

∆ % Black 0.009 0.053*** 0.011
(0.009) (0.015) (0.016)

∆ % Hispanic -0.002 0.014* -0.002
(0.006) (0.008) (0.010)

∆ % Foreign-born -0.004 0.007 -0.011
(0.010) (0.012) (0.018)

∆ % Poor 0.019** 0.015 0.036***
(0.008) (0.013) (0.011)

F-test IV 9.662 14.909 0.906
Observations 474 474 474
Adj. R2 0.415 0.342 0.393

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard
errors in parenthesis. All models include 1990 population weights.
Change in COPS funds are measured in millions of USD per 100,000
residents.

Table A2: IV estimates (IV: COPS grant amount per capita)

(1) (2) (3) (4) (5) (6)
H10 H90 H10 H90 H10 H90

∆ Log property rate 5.364** -11.628**
(2.673) (5.761)

∆ Log violent rate 3.237* -7.015**
(1.723) (2.725)

∆ Log murder rate 7.359 -15.952
(5.876) (15.604)

∆ Population density 2.548* -6.371** 1.896* -4.957*** 5.776 -13.367
(1.487) (2.819) (1.076) (1.665) (4.677) (11.741)

∆ % White -0.164*** 0.144 -0.244*** 0.318*** -0.068 -0.065
(0.060) (0.111) (0.077) (0.096) (0.152) (0.370)

∆ % Black -0.213*** 0.335** -0.318*** 0.563*** -0.233* 0.380
(0.077) (0.140) (0.121) (0.156) (0.125) (0.258)

∆ % Hispanic -0.011 0.086 -0.066 0.206*** 0.017 0.024
(0.045) (0.083) (0.058) (0.076) (0.088) (0.200)

∆ % Foreign-born -0.173** 0.370** -0.217*** 0.465*** -0.075 0.157
(0.073) (0.148) (0.075) (0.106) (0.190) (0.477)

∆ % Poor -0.082 0.135 -0.040 0.043 -0.269 0.540
(0.077) (0.139) (0.069) (0.104) (0.237) (0.590)

Observations 474 474 474 474 474 474

Notes: * 0.10 ** 0.05 *** 0.01. Heteroskedasticity-robust standard errors in parenthesis. All models include 1990
population weights.
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