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Abstract
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we show the use of fines as revenue is common, and is robustly related to the
share of city residents who are black. We also find black representation on
city councils diminishes the connection between black population and fines
revenue. Our findings speak to the potential of descriptive representation to
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Much recent public discussion focuses on racial discrimination by local officials, and

not only in terms of police violence. According to a Justice Department report in the

wake of the Michael Brown shooting in Ferguson, Missouri – a city with a majority black

population but a majority white government – city officials urged the police chief to

generate more revenue from traffic tickets and court fines to address a substantial sales

tax shortfall. Indeed, about 20% of Ferguson’s revenues come from fines and related

sources.1 Other observers note the dependence on fines is not unique to Ferguson, but

also occurs in other Missouri communities.2

Scholars have extensively documented racial bias in pedestrian stops by law enforce-

ment (Gelman, Fagan, and Kiss 2007; Weaver and Lerman 2010; Epp, Maynard-Moody,

and Haider-Markel 2014), elected officials’ response to constituent requests (Butler and

Broockman 2011; White, Nathan, and Faller 2015), and public service delivery by bu-

reaucrats (Ernst, Nguyen, and Taylor 2013; Einstein and Glick 2016). In contrast, bias in

the form of local revenue generation is rarely discussed in this literature, perhaps because

city officials are assumed to be limited in their policy discretion (Peterson 1981; Ferreira

and Gyourko 2009). Police spending, on the other hand, is one of the few areas where

past work does find evidence of local discretion (Gerber and Hopkins 2011). We should

therefore expect local governments to exercise discretion over law enforcement revenue as

well.

In this paper, we examine city governments’ use of fines and court fees, a policy that

disproportionately harms black voters. Using data on over 9,000 cities, we show the use

of fines as revenue is both commonplace and robustly connected to the proportion of

1United States Department of Justice Civil Rights Division, “Investigation of the Ferguson

Police Department.” March 4, 2015.
2For instance, in Normandy, a city near Ferguson, 38 percent of revenue came from fines

and court costs in 2013. The New York Times “Contesting Traffic Fines, Missouri Sues

13 suburbs of St. Louis,” December 18, 2014.
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residents who are black: 84% of the cities in our sample obtain at least some revenue

through fines and fees, with an average of about 8 dollars, per capita, and the use of

fines is higher in cities with larger black populations – up to about 20 dollars higher, per

capita, when we compare cities with the lowest black populations to the highest.

We then show that the relationship between black population and fines is conditioned

by black representation on the city council. Previous studies show politicians are more

likely to address issues relevant to constituents sharing similar descriptive traits (Carnes

2012; Broockman 2013), and that constituents disproportionately communicate more to

same-race representatives (Gay 2002; Broockman 2014). If the presence of black represen-

tatives on city councils gives black citizens a channel to deliver complaints and concerns

regarding unequal treatment, descriptive representation may reduce a city’s use of fines.

Alternatively, a black councilor could monitor the degree to which the budget depends on

exploitative sources. Consistent with past findings that descriptive representation matters

for city policy (Eisinger 1982; Stein 1986; Mladenka 1989), we find the presence of black

council members significantly reduces the relationship between race and fines.

Data

To measure cities’ use of fines, we use the Census of Governments (COG), a project of the

U.S. Census Bureau that collects revenue and expenditure data for all local governments

every five years. As of 2007, the COG asks cities how much revenue they collect from

“penalties imposed for violation of law; civil penalties (e.g., for violating court orders);

court fees if levied upon conviction of a crime or violation... and forfeits of deposits

held for performance guarantees or against loss or damage (such as forfeited bail and

collateral).” This variable only includes penalties related to matters of law, and does

not include “penalties relating to tax delinquency; library fines; and sale of confiscated

property” (United States Census Bureau 2011). Of the 35,000 city, town, and township
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governments in the COG, we focus on those with police and/or court systems only, as only

these governments have the capacity to issue fines, and we also restrict the sample to cities

with populations of at least 2,500.3. The resulting sample consists of 9,143 observations.

Because the raw amount of revenues from fines is skewed, we divide by city population,

and then take the logarithm plus one. We present the distribution of this variable in

Figure 1 (A), which shows the majority of cities collect at least some revenue from fines

and fees. Although 1,252 of the cities in our sample report collecting zero revenue from

fines, 7,891, or 86%, collect greater than zero revenues.4 Among the full sample, the

average collection is about 8 dollars per person (among cities with greater than zero fines

revenue, the average is 11 dollars). There is also substantial variation in the collection of

fines: from a few cents to a few hundred dollars per person.

3We code a city as having police or courts if the city reports spending more than zero

dollars on either service. Based on our correspondence with the Census Bureau, using

the spending data is the best available method for determining which general purpose

governments provide what services. We focus on cities with at least 2,500 persons as

this is the conventional definition of urban areas used by the Census and many other

scholars (e.g., Boustan et al. 2013). In the Online Appendix we show we achieve similar

results when we use all 35,000 observations, most of which have a value of zero on the

dependent variable.
4Cities may report zero fines revenue for several reasons. They may issue fines, but not

use them as a general revenue source (perhaps instead putting the money in a separate

state or local fund); they may have issued no fines; or they may misreport. In the Online

Appendix we show that population and income are the biggest predictors of having any

fines revenue. We also estimate a selection model for robustness, finding similar results.
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Figure 1: Distribution of fines per capita and relationship with black population. Sample
is all U.S. cities that report directly providing law enforcement. Dashed vertical line
denotes the sample average in panel (A), and solid line represents the regression line in
panel (B). Both fines and black population are logged, with the scales exponentiated for
readability. The number of observations in each figure is 9,143.

Fines, Race, and Representation

We next combine our fines data with population information from the 2010 Census. Fig-

ure 1 (B) displays the relationship between fine revenue and the proportion of a city’s

population that is black (we log this variable as well, as it is similarly skewed). This

figure shows a clear positive relationship between fines revenue and the percent of the

population that is black.

To account for potential confounding – cities with high black populations may also

differ in other ways that impact fines use – we next conduct a series of linear regressions

of (log) fines per capita on (log) percent black population; we scale black population such

that that zero is the sample minimum and one is the sample maximum. We include a

set of municipal- and county-level variables meant to capture other determinants of fines

that may also be related to percent black population: local finances (total local revenue,

share of revenue from taxes, share of revenue from state and federal), demographics (log

population, log population density, income per capita, share with a college degree, share

over 65), and county-level characteristics (crime per capita, police officers per capita,
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(1) (2) (3) (4)
Percent black population 1.47∗∗∗ 1.35∗∗∗ 1.24∗∗∗ 1.17∗∗∗

(0.06) (0.06) (0.06) (0.06)
Effect size in dollars 19 17 15 14
Controls:
Local finances X X X
Demographics X X
Crime, fragmentation, mobility, Dem vote X

Table 1: Revenue from fines and black population in U.S. cities. Sample size is 8,665
for all specifications. Robust standard errors in parentheses. * p<0.05, ** p<0.01, ***
p<0.001.

share Democratic vote in 2012, number of governments per capita, net migration).

We summarize the results in Table 1, including the full results in the Online Appendix.

In all specifications, the point estimates on percent black population are statistically

significant: the estimates range from 1.2 to 1.5, and the smallest t-statistic is 18. Because

log-log coefficients are difficult to interpret (and more so when one of the untransformed

variables is a proportion), we translate the coefficients to dollar amounts in the footer

(we describe the procedure for transforming the coefficients in the Online Appendix).

Substantively, the estimates imply cities with the largest black share residents collect

between 14 and 19 dollars more, per person, than cities with the smallest black share of

residents.

To address concerns about unobserved confounding and reverse causality, we employ

two strategies. First, we estimate a two-stage least squares regression where we instru-

ment for present values of black population using lagged (1980) values. This procedure

assumes lagged black population variable only affects current fines via its impact on cur-

rent black population, and is a strategy often used in public finance (i.e., Alesina, Baqir,

and Easterly 1999). Second, we re-estimate the regression in Table 1 while including state

and county-level fixed effects. Hence, this specification controls for all possible unobserved

confounding variables, provided that they vary at the state or county level. As shown in
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the Online Appendix, the relationship between race and fines is robust to these strategies.

Also in the Online Appendix, we show our estimates are robust to clustering errors at

the county level; that the impact of race is seen in both large (above 10,000 persons) and

small (less than 10,000 persons) cities; and that the results are unchanged when using

a two-stage selection model to account for cities reporting zero fines revenue. Notably,

we also obtain similar results when we include other measures of ethnic and racial diver-

sity, including a Herfindahl index (Alesina, Baqir, and Easterly 1999), Theil’s measure

of segregation (Theil 1972; Trounstine 2016), and the proportions Hispanic and foreign

born. This suggests that the percent black variable does not operate via the mechanism

of group conflict, but rather an alternative channel such as descriptive representation.

To explore the moderating effect of descriptive representation, we use data on city

councilor race from the 2006 and 2011 International City/County Management Associa-

tion (ICMA). Unlike the COG, not all cities respond to the ICMA surveys; those that

do tend to be larger, and our sample reduces to about 3,700 cities after merging with

the ICMA. However, we are able to replicate the results from Table 1 on this smaller

subsample, which suggests any patterns evident using this subset of cities would likely

hold in the full sample.

We estimate the impact of descriptive representation by interacting the share of the

population that is black with the share of the city council that is black, using the same

set of control variables as before. Given our coding, the coefficient on percent black

population represents the relationship between fines revenue and black population when

blacks have no representation on the city council; the coefficient on percent black council

is the relationship between fines and black council in an all-white city; and the interaction

represents how the relationship between fines and black population changes, when moving

from an all-white to an all-black council. If this interaction is negative, then the presence

of minority city council members reduces the relationship between fines and race.

We show results in Table 2. In the first two columns, we report specifications where
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we exclude the interaction terms. These regressions confirm that the relationship between

fines and black population holds in the relatively smaller subsample of cities for which

we can obtain data on city council race, with little or no independent impact of black

councilors. The third and fourth columns include the interaction between black popu-

lation and the percent of the city council that is black. As predicted, the interactions

are negative. In cities with all-white councils, the relationship between fines and black

population is 1.5 or 1.2 depending on whether controls are included; in cities with an

all-black council, the relationship between population race and fines is (1.5 + 0.4 - 1.1

=) 0.8 without controls, and is also about (1.2 + 0.2 - 0.6 =) 0.8 in the regression with

controls. These represent relative declines in magnitude of between 33 and 47% over

the relationship between race and fines in cities with all-white councils (calculations of

substantive magnitudes are available in the Online Appendix). We obtain very similar

results when, instead of the share of the council that is black, we use an indicator for the

presence of at least one black councilor in columns (5) and (6).5

It is important to note that our results do not indicate that the presence of a black

council member completely eliminates the relationship between race and fines. The base-

line relationship between black population and reliance on fines holds, albeit at a substan-

tially reduced magnitude, even when descriptive representation is achieved. Although lo-

cal government officials may decide the overall portfolio of revenue sources, street-level bu-

reaucrats also wield significant discretion (Lipsky 2010), and their own biases could affect

who receive traffic tickets and other penalties, as previous research suggests (Antonovics

and Knight 2009).

5This may reflect the fact that having a single black councilor has the same effect as

having a full black council. However, given skewness on the black council percentage

variable – the variable is zero for all observations up to the 90th percentile – it is difficult

to distinguish these impacts from one another.
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(1) (2) (3) (4) (5) (6)
Percent black population 1.31∗∗∗ 1.08∗∗∗ 1.47∗∗∗ 1.17∗∗∗ 1.50∗∗∗ 1.20∗∗∗

(0.12) (0.13) (0.14) (0.14) (0.14) (0.14)
Percent black council -0.24∗ -0.14 0.41+ 0.22

(0.10) (0.10) (0.22) (0.21)
Black pop X black council -1.06∗∗ -0.59+

(0.33) (0.33)
Any black council 0.39∗∗ 0.23

(0.14) (0.14)
Black pop X any black council -0.94∗∗∗ -0.55∗

(0.25) (0.25)
Controls X X X

Table 2: Revenue from fines and black representation on city councils. The sample size
is 3,764 in all specifications. Robust standard errors in parentheses. + p<0.10, * p<0.05,
** p<0.01, *** p<0.001.

Discussion

Assembling a new data set on fines use and exploiting variation in local descriptive repre-

sentation, we find municipal governments with higher black populations rely more heavily

on fines and fees for revenue. Further, we find that the presence of black city council

members significantly reduces – though does not eliminate – this pattern.

Aside from the regressivity of fines and fees (Harris, Evans, and Beckett 2010), polic-

ing for revenue may also further disenfranchise minority voters. Research on the “carce-

real state” finds that contact with law enforcement decreases democratic participation

(Weaver and Lerman (2010); Lerman and Weaver (2014)). That fines and fees are often

implemented in a dramatically racially discriminatory fashion may partially explain why

turnout is particularly lower among poor minority voters in the US (Hajnal 2009). Thus

while descriptive representation at the city council level decreases the use of fines, fines

may themselves may make descriptive representation less likely by depressing minority

turnout (Hajnal and Troustine 2005; Hajnal and Trounstine 2014).
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Online Appendix to “Who Pays for Government?

Descriptive Representation and Exploitative Revenue

Sources”
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Relationship Between Fines and Percent Black in the

Full Sample

In this section we report the relationship between fines and percent black in the full sample

of 36,147 general purpose governments from the 2012 Census of Governments. We show

this relation in Figure A1.
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Figure A1: Revenue from fines and the racial composition of cities: results from all general
purpose governments
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Regressions Predicting Sample Inclusion and Any Fines

Revenue

In this section we describe how our sample cities may differ from the population of roughly

34,000 municipalities in the COG. First, we regress an indicator for sample inclusion –

defined as 1 if a city spends more than zero on courts and/or police, and if the city’s 2010

population is greater than or equal to 2,500 persons, and 0 if these two conditions do not

both hold – on the full set of controls we use in the main analyses. Second, we change the

outcome to an indicator for whether the city reports collecting any revenue from fines.

We show these regressions in Table A1. We scale all right-hand side variables such that

a zero represents the sample minimum and one represents the sample maximum.
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(1) (2)
Sample inclusion Any fines revenue

Percent black population 0.14∗∗∗ 0.06∗∗∗

(0.01) (0.02)
Total own-source revenue pcp 0.59 0.07

(0.39) (0.17)
Pct revenue from taxes -0.11∗∗∗ -0.10∗∗∗

(0.01) (0.02)
Pct revenue from state and fed -0.05∗∗∗ -0.06

(0.01) (0.03)
Log population 2.44∗∗∗ 0.26∗∗∗

(0.02) (0.03)
Population density 1.42∗∗∗ 0.70∗∗∗

(0.13) (0.09)
Income per capita 0.80∗∗∗ 0.43∗∗∗

(0.07) (0.06)
Pct college educated 0.31∗∗∗ -0.16∗∗∗

(0.02) (0.03)
Pct age 65+ 0.07∗∗ 0.09

(0.02) (0.06)
Crime per-capita 0.48∗∗∗ -0.13∗∗

(0.03) (0.05)
Police officers per-capita -0.02 -0.08

(0.03) (0.05)
Democratic vote share 0.04∗∗ -0.03

(0.01) (0.03)
Govs per 1,000 persons 0.82∗∗∗ -0.22∗∗

(0.02) (0.08)
Net migration rate 0.17∗∗∗ -0.13∗∗

(0.03) (0.05)
Constant -0.94∗∗∗ 0.90∗∗∗

(0.01) (0.03)
Sample size 34,108 8,665
R-squared 0.55 0.05

Table A1: Regressions predicting indicators for sample inclusion and any revenue from
fines. Robust standard errors in parentheses. * p<0.05, ** p<0.01, *** p<0.001.
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Computing Substantive Effect Sizes

Because our main regression results use a log-transformed variable as both the dependent

and independent variable, expressing the effect in substantive terms requires transforming

it back into the original scale. To do this, we calculate predicted values for the outcome

variable when black is one and take the average, then exponentiate this average. We then

repeat this procedure for the outcome when black is zero. We then take the difference

between these two quantities. Formally, where X̄ is a vector of sample averages for our

covariates, we calculate

exp (Ŷ1)− exp (Ŷ0),

where

Ŷ1 = Ê[Fines Per Capitai|Percent Black Populationi = 1]

= α̂ + β̂ + γ̂X̄

Ŷ0 = Ê[Fines Per Capitai|Percent Black Populationi = 0]

= α̂ + γ̂X̄
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Robustness Checks for Table 1

In this section we show the relationship between black population and fines is robust to

alternative specifications. Table A2 shows the results.

For row (8) of this table, the alternative measures of diversity we add are the propor-

tions Hispanic and foreign-born, a Herfindahl index, and an index of segregation. The

estimates for these diversity measures in isolation can be seen in Table A3.

For row (9), we estimate a two-stage selection model where, in the first stage, we

estimate the probability of collecting any fines, and in the second stage the outcome is

logged fines revenue per capita as before. We use the same set of predictors in each stage.
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Estimate
(s.e.)

(1) Baseline 1.17∗∗∗

(0.06)
(2) Instrumental Variables 1.87∗∗∗

(0.20)
(3) State Fixed Effects 0.65∗∗∗

(0.07)
(4) County Fixed Effects 0.73∗∗∗

(0.11)
(5) County-Clustered Standard Errors 1.17∗∗∗

(0.10)
(6) Population Under 10,000 1.21∗∗∗

(0.08)
(7) Population Over 10,000 1.00∗∗∗

(0.10)
(8) Add Alt. Measures of Diversity 1.06∗∗∗

(0.11)
(9) Selection Model 1.16∗∗∗

(0.05)

Table A2: Robustness checks for Table 1. Robust standard errors in parentheses. *
p<0.05, ** p<0.01, *** p<0.001.
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Full Regression Results from Tables 1 and 2

In this section we show estimates and standard errors for all the predictors used in the

regressions summarized in Table 1 and 2 in the main text. All predictors are scaled such

that zero is the sample minimum and one is the sample maximum. Table A3 shows the

full results for Table 1; Table A4 shows the results for Table 2.
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(1) (2) (3) (4)
Percent black population 1.52∗∗∗ 1.40∗∗∗ 1.05∗∗∗ 0.94∗∗∗

(0.05) (0.05) (0.09) (0.09)
Total own-source revenue pcp 8.64∗ 6.30∗ 6.19∗∗

(3.56) (2.48) (2.39)
Pct revenue from taxes -0.40∗∗∗ -0.64∗∗∗ -0.63∗∗∗

(0.08) (0.08) (0.08)
Pct revenue from state and fed -0.46∗∗∗ -0.01 0.05

(0.12) (0.11) (0.11)
Log population -0.40∗∗ -0.38∗

(0.15) (0.15)
Population density 4.54∗∗∗ 4.74∗∗∗

(0.49) (0.54)
Income per capita 2.36∗∗∗ 2.31∗∗∗

(0.25) (0.26)
Pct college educated -0.20 -0.11

(0.14) (0.14)
Pct age 65+ 0.24 0.29

(0.23) (0.23)
Percent Hispanic 0.90∗∗∗ 0.85∗∗∗

(0.11) (0.11)
Percent foreign born 0.00 0.12

(0.12) (0.13)
Herfindahl index 0.19 0.24∗

(0.11) (0.11)
Log segregation 0.19∗ 0.16

(0.09) (0.09)
Crime per-capita 0.26

(0.24)
Police officers per-capita 0.71∗∗∗

(0.19)
Democratic vote share -0.76∗∗∗

(0.10)
Govs per 1,000 persons -0.86∗∗∗

(0.25)
Net migration rate -0.71∗∗∗

(0.19)
Constant 1.50∗∗∗ 1.76∗∗∗ 1.09∗∗∗ 1.53∗∗∗

(0.03) (0.10) (0.08) (0.12)
Sample size 8,665 8,665 8,665 8,665
R-squared 0.09 0.12 0.18 0.19

Table A3: Full regression output from Table 1. Robust standard errors in parentheses. *
p<0.05, ** p<0.01, *** p<0.001.
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(1) (2) (3) (4) (5) (6)
Percent black population 1.31∗∗∗ 1.08∗∗∗ 1.47∗∗∗ 1.17∗∗∗ 1.50∗∗∗ 1.20∗∗∗

(0.12) (0.13) (0.14) (0.14) (0.14) (0.14)
Percent black council -0.24∗ -0.14 0.41+ 0.22

(0.10) (0.10) (0.22) (0.21)
Black pop X black council -1.06∗∗ -0.59+

(0.33) (0.33)
Any black council 0.39∗∗ 0.23

(0.14) (0.14)
Black pop X any black council -0.94∗∗∗ -0.55∗

(0.25) (0.25)
Total own-source revenue pcp 4.63∗ 4.63∗ 4.63∗

(1.85) (1.87) (1.87)
Pct revenue from taxes -0.53∗∗∗ -0.53∗∗∗ -0.53∗∗∗

(0.12) (0.12) (0.12)
Pct revenue from state and fed -0.11 -0.10 -0.10

(0.18) (0.18) (0.18)
Log population 0.34+ 0.30 0.30

(0.18) (0.19) (0.19)
Population density 7.02∗∗∗ 6.99∗∗∗ 6.98∗∗∗

(1.18) (1.17) (1.17)
Income per capita 2.69∗∗∗ 2.70∗∗∗ 2.70∗∗∗

(0.36) (0.36) (0.36)
Pct college educated -0.63∗∗ -0.64∗∗ -0.64∗∗

(0.20) (0.20) (0.20)
Pct age 65+ -1.01∗∗ -1.01∗∗ -1.00∗∗

(0.31) (0.31) (0.31)
Crime per-capita -1.11∗∗ -1.08∗∗ -1.08∗∗

(0.34) (0.34) (0.34)
Police officers per-capita 0.79∗ 0.81∗∗ 0.82∗∗

(0.31) (0.31) (0.31)
Democratic vote share -0.65∗∗∗ -0.63∗∗∗ -0.63∗∗∗

(0.15) (0.15) (0.15)
Govs per 1,000 persons -1.06∗∗ -1.05∗∗ -1.04∗∗

(0.40) (0.40) (0.40)
Net migration rate -0.31 -0.34 -0.34

(0.24) (0.24) (0.24)
Constant 1.95∗∗∗ 2.32∗∗∗ 1.90∗∗∗ 2.30∗∗∗ 1.90∗∗∗ 2.29∗∗∗

(0.04) (0.16) (0.04) (0.16) (0.04) (0.16)
Sample size 3,764 3,764 3,764 3,764 3,764 3,764
R-squared 0.05 0.13 0.05 0.13 0.05 0.13

Table A4: Full regression output from Table 2. Robust standard errors in parentheses. *
p<0.05, ** p<0.01, *** p<0.001.
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Substantive Effect of Descriptive Representation

To illustrate the substantive magnitude of these results, we use our regression coefficients

to compute marginal effects. We use coefficient estimates from the specification reported

in column (5), which uses an indicator for any black representation, as moving from zero

to one on this measure is more realistic than changing from an all-white to an all-black

council. Given that our dependent variable is logged, we translate the marginal effects

back into dollar amounts by exponentiating predicted values.

That is, for varying levels of black population, we compute the marginal effect of black

representation on revenue from fines,

exp (Ŷ1,x)− exp (Ŷ0,x),

where

Ŷ1,x = Ê[Fines Per Capitai|Any Black Councilori = 1,

Percent Black Populationi = x]

= α̂ + β̂1 + β̂2 ∗ x+ β̂3 ∗ x

Ŷ0,x = Ê[Fines Per Capitai|Any Black Councilori = 0,

Percent Black Populationi = x]

= α̂ + β̂2 ∗ x

We then plot estimates of these marginal effects against levels of black population in

Figure A2, with 95% confidence intervals calculated using the bootstrap, which illustrates

the conditional impact of black representation: in cities with entirely white populations,

going from the minimum to the maximum on black representation is associated with an

increase in fine revenues of about three dollars, per capita. As black population increases,
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however, the sign of the effect changes, increasing in magnitude from minus four dollar per

capita in cities with twenty percent black population to over minus thirteen dollars per

capita in cities with entirely black populations. When blacks are represented primarily

by whites, the use of fines is higher; yet when blacks gain descriptive representation on

the city council, the use of fines is lessened.

In Figure A3, we reproduce this marginal effects plot using a continuous measure of

black membership on the city council, namely the percent of the city council that is black.

As with the estimates reported in Table 2 in the main text, the marginal effects are quite

similar to those obtained using the binary measure.
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Figure A2: Fines revenue and black representation: interaction with black population.
This figure plots estimates of the effect of having any black city councilor, on fines revenue
per capita, for different levels of black population. Dashed lines span 95% confidence
intervals (generated by bootstrap with 500 iterations). Estimates are calculated using the
coefficient estimates from column (5) of Table 2, and are in dollars per capita terms.
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Figure A3: Fines revenue and black representation: interaction with black population.
This figure plots estimates of the effect of the percent of the city council that is black,
on fines revenue per capita, for different levels of black population. Dashed lines span
95% confidence intervals (generated by bootstrap with 500 iterations). Estimates are
calculated using the coefficient estimates from column (5) of Table 2, and are in dollars
per capita terms.
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Data Sources

In this section we provide more details on our data sources, particularly the city- and

county-level covariates (for information on fines, please see the main text). Local fiscal

variables (total local revenue, the share of total revenue from taxes, and the share of total

revenue from state and federal sources) also come from the 2012 Census of Governments.

Data on demographic variables (percent black, population, population density, income

per capita, education, age, percent Hispanic, and percent foreign born) are from the 2010

U.S. Census and the American Community Survey.

The regressions reported in the text also include several county-level covariates, in

cases where city-level measures are unavailable. Measures of total reported crimes per

capita come from the FBI’s Uniform Crime Reporting Program for 2012. Total police

officers per capita come from the Department of Justice’s Census of State and Local Law

Enforcement Agencies for 2008. Democratic vote share from the 2012 election is from

Congressional Quarterly’s Voting and Elections Collection. The total number of local

governments in a city’s home county, per capita, is also from the Census of Governments.

The net migration rate, an estimate based on decennial Census figures, is generated by

researchers at the Applied Population Laboratory at the University of Wisconsin (see

http://www.netmigration.wisc.edu), with the estimates we use coming from the 2000-

2010 interval.

http://www.netmigration.wisc.edu
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