
Appendix: For Online Publication

Figure A1: Density of Agencies Reporting to NIBRS: Between-City Crime Data

Note: The figure shows the density of agencies reporting to the National Incident Based Reporting System
(NIBRS) in 2015 across the 1930 city population in which the agency operates. Data sources are individual
level NIBRS data from 2015 and Home Owner Loan Corporation (HOLC) archival records.
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Figure A2: Regional Breakdown of Cities with Redline-Mapping Bandwidth: Between-City
Regional Breakdowns

(a) 1930 City Pop ∈
[
20, 000, 60, 000

]
(b) 1930 City Pop ∈

[
39, 000, 41, 000

]

Note: The figure shows the regional share of cities that lie in two small bandwidths around the redling-
mapping population threshold: in the left panel the regional shares for cities with 1930 population between
20,000 and 60,000 are shown, while in the right panel the regional shares for cities with 1930 population
between 39,000 and 41,000 are shown. (The redline-mapping threshold was 40,000 people.) Data sources
are the 1930 Census and Home Owner Loan Corporation (HOLC) archival records.
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Figure A3: Impact of Redline-Mapping on Crime: Between-City Estimates

Note: Each figure shows a regression discontinuity diagram where the outcome variable is rate of crime
victimization per 1,000 people in a given city in 2015. Observations are at the agency-level. The running
variable is 1930 city population. Circles represent bin means, while lines represent fitted quadratic curves.
Bandwidth size is chosen optimally following Calonico (2017). There are 133 agencies included in NIBRS
2015 data who report crime outcomes for cities whose 1930 population places them within the optimal
bandwidth; there are 84 reporting agencies on the left-hand side and 49 on the right-hand side. Data sources
are individual-level NIBRS crime victimization data and Home Owner Loan Corporation (HOLC) archival
records.
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Figure A4: Impact of Redline-Mapping on Crime: Between-City Estimates (Non-Optimal
Bin Number)

Note: Each figure shows a regression discontinuity diagram where the outcome variable is the log of crime
victimizations in a given city in 2015. The running variable is 1930 city population. Circles represent bin
means, while lines represent fitted quadratic curves. Bandwidth size and bin numbers are chosen optimally
following Calonico (2017). There are 133 agencies included in NIBRS 2015 data who report crime outcomes
for cities whose 1930 population places them within the optimal bandwidth; there are 84 reporting agencies
on the left-hand side and 49 on the right-hand side. The estimates imply that 176 Black and 65 Hispanic
crime victimizations per city in 2015 are attributable to redline-mapping. Data sources are individual-level
NIBRS crime victimization data and Home Owner Loan Corporation (HOLC) archival records. These figures
differ from those in Figure 3 in only one way: in Figure 3 techniques from Calonico (2017) are used to select
the number of bins on each side of the cutoff optimally, whereas in these figures the bin size is manually
selected to show more of the variation in the outcome variable across the running variable.
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Figure A5: Impact of Redline-Mapping on Crimes and Arrests: Between-City Estimates

Note: Each figure shows a regression discontinuity diagram. In the top panel, the outcome variable is the
log of crime victimization in a given city in 2015, while in the bottom panel the outcome variable is the
log of arrests in a given city in 2015. In both panels, observations are at the agency-level and the running
variable is 1930 city population. Circles represent bin means, while lines represent fitted quadratic curves.
Bandwidth size and bin numbers are chosen optimally following Calonico (2017). In the top panel, there are
133 agencies included in NIBRS 2015 victimization data who report crime outcomes for cities whose 1930
population places them within the optimal bandwidth; there are 84 reporting agencies on the left-hand side
and 49 on the right-hand side. The estimates in the top panel imply that 176 Black crime victimizations
per city in 2015 are attributable to redline-mapping. In the bottom panel, there are 131 agencies included
in UCR 2015 arrest data who report crime outcomes for cities whose 1930 population places them within
the optimal bandwidth; there are 82 reporting agencies on the left-hand side and 49 on the right-hand side.
The estimates in the bottom panel imply that 61 Black arrests per city in 2015 are attributable to redline-
mapping. Data sources are UCR arrest data and NIBRS victimization data, as well as and Home Owner
Loan Corporation (HOLC) archival records.

49



Figure A6: Impact of Redline-Mapping on Arrests: Between-City Estimates Over Decades

Note: The figure shows a profile of regression discontinuity estimates and 95% confidence intervals obtained
by estimating Equation 1 on decadal UCR data. (Decadal UCR data is obtained by pooling monthly UCR
data across decades.) In each estimate the the outcome variable is black arrest rate per 1,000 people in
a given city in a given decade. Data sources are UCR arrest data (1974-2016) and Home Owner Loan
Corporation (HOLC) archival records.
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Figure A7: Impact of redline-mapping on Racial Segregation: Between-City Estimates over Decades

a) 1930 b) 1980 c) 1990
(Pre-Period) (Post-Mapping) (Post-Mapping)

Note: Figure shows a regression discontinuity diagram where the outcome variable is White-Black Dissimilarity Index for a given city in a given
year The running variable is always 1930 city population. Circles represent bin means, while lines represent fitted quadratic curves. Bandwidth
size and bin numbers are chosen optimally following Calonico (2017). Subfigure (a) shows a placebo test for White-Black segregation in the
pre-period. Subfigures (b)-(c) show the impacts of redline-mapping on White-Black segregation in 1980 and 1990, respectively. Data sources
are Cutler et al. (1999), Logan (2014), and Home Owner Loan Corporation (HOLC) Archival records.
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Figure A8: Impact of Redline-Mapping on Demography: Between-City Estimates of Com-
positional Migration

Note: The figure shows a set of regression discontinuity diagrams depicting the possible impact of redline-
mapping on present-day racial demography. Coefficient estimates are reported in Table A10. Data sources
are the 2010 Census and Home Owner Loan Corporation (HOLC) archival records.
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Figure A9: Impact of Redline-Mapping on Educational Attainment: Placebo Tests with
Literacy

(a) Pre-Period Education (b) Pre-Period Education: Black

Note: Each figure shows a regression discontinuity diagram. In the top panel, the outcome variable is the
share of individuals who report being literate in a given city in 1930, while in the bottom panel the outcome
variable is the share of black individuals who report being literate in a given city in 1930. In both panels, The
running variable is 1930 city population. Circles represent bin means, while lines represent fitted quadratic
curves. Bandwidth and bin numbers are chosen optimally following Calonico (2017). Data sources are the
1930 Census, as well as and Home Owner Loan Corporation (HOLC) archival records.
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Figure A10: Impact of Redline-Mapping on Incarcerated Population: Placebo Tests with
Institutional Group Quarters

(a) Pre-Period Incarceration (b) Pre-Period Incarceration: Black

Note: Each figure shows a regression discontinuity diagram. In the top panel, the outcome variable is the
share of individuals who report living in an institutional group quarter in a given city in 1930, while in the
bottom panel the outcome variable is the share of black individuals who report living in an institutional
group quarter in a given city in 1930. Institutional group quarters include correctional facilities, nursing
homes and mental hospitals. Starting in 1980, institutional group quarters excludes persons living in non-
institutional group quarters such as college dormitories, miliary barracks, group homes, mission and shelters.
However, in the 1930 Census, institutionalized group quarters includes “non-inmates” who would have been
classified as living in non-institutional group quarters after 1980 (See the IPUMS documentation for the
variable “GQ”.) In both panels, The running variable is 1930 city population. Circles represent bin means,
while lines represent fitted quadratic curves. Bandwidth and bin numbers are chosen optimally following
Calonico (2017). Data sources are the 1930 Census, as well as and Home Owner Loan Corporation (HOLC)
archival records.
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Figure A11: Inequality in the Distribution of Crime in Los Angeles

Note: Figure shows a Gini or Inequality Curve for neighborhood-level crime in Los Angeles in 2010. The sample is restricted
to neighborhoods that received some Home Owners Loan Corporation (HOLC) color grade in 1939. Data sources are city of
Los Angeles crime data and HOLC archival records.
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Figure A12: Impact of Redlining on credit-access: Within-City Theoretical Diagrams

(a) Pre-Period credit-access (b) Post Mapping credit-access

Note: Each figure shows a theoretical regression discontinuity diagram. In both panels, the running variable
is the distance away from the redline on Home Owners Loan Corporation (HOLC) security maps, and the
threshold is the redline itself. In the left panel, I depict credit-access as a continuous and linear function of
distance away the redline; this is the situation we expect to hold prior to the creation of a redline border. In
the right panel, I depict credit-access having been differentially affected by the creation of a HOLC border.
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Figure A13: Impact of Redlining on Crime: Within-City Estimates, By Crime-Type

Note: Each figure shows a spatial regression discontinuity diagram for crimes in Los Angeles in 2010. The
top panel is restricted to property crimes, while the bottom panel is restricted to violent crimes. Property
crimes are defined as those crimes the description of which contains words such as “burglary” and “larceny”;
violent crimes are defined as those crimes the description of which contains words such as “murder” and
“robbery”. Circles represent bin means, while lines represent fitted quadratic curves. Bandwidth size and bin
numbers are both chosen optimally following Calonico (2017). The running variable is always the distance
away from the redline on Home Owners Loan Corporation (HOLC) security maps, and the threshold is the
redline itself. I dough-nut out a small region around the threshold to eliminate the small number of crimes
committed inside the streets that divide neighborhoods. In all specifications, the sample is restricted to areas
which received some HOLC color assignment in 1939. Data sources are city of Los Angeles crime data and
HOLC archival records. These figures are the same as those in Figure 9, except that these in these figures
the running variable is distance away from a redlined area towards an area designated as yellow, while in
the figures in Figure ‘9 the running variable is the distance away from a redlined area towards an area which
received any HOLC color designation.
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Figure A14: Comparing Size of Between-City and Within-City Estimates

Note: Figure depicts a back of the envelope comparison between the city-level estimates and neighborhood-level estimates of
the impact of redlining on crime. Crime volumes in a representative redlined neighborhood and neighborhood assigned some
color designation other than red are compared. The within-city or neighborhood level estimate (a 67 crime increase) is depicted
as the “Total Increase Caused by Redlining”. The (population scaled) between-city or city-level estimate (a 22 crime increase)
is depicted as the “New Crimes” bar. The “Transfered Crimes” bar is the difference.
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Table A1: Impact of Redline-Mapping on present-day Housing Market: Between City Esti-
mates

(1) (2) (3)
PCT Vacant PCT Mortgaged AVG Rent

RD Estimate 0.050∗∗∗ -0.070∗∗∗ -121.21∗∗∗

(0.009) (0.009) (26.61)

Observations 3203 3202 3184
Mean .125 .691 $792.35

Note: Table shows regression discontinuity estimates of the impact of redline-mapping on measures of
housing market strength with standard errors reported in parentheses. Observations are at the city-level.
The outcome variable is the percent of vacant homes, the percent of homes under mortgage and average
reported monthly rent in 2010 dollars in columns (1), (2) and (3) respectively. The running variable is
always 1930 city population. Bandwidth size is chosen optimally in each column following Calonico (2017).
Slight differences in the number of observations arise from there being different optimal bandwidths for
each outcome variable. The reported mean is for non-mapped cities within the optimal population
bandwidth. Source: 2010 Census and HOLC archival documents. Significance levels indicated by: *
(p < 0.10), ** (p < 0.05), ***(p < 0.01)
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Figure A15: Credit-Restrictions Randomly Assigned Within One City and Between Two
Cities

yH,11 yL,21

yL,31 yL,41

(a) Mapped City (j = 1)

y0,12 y0,22

y0,32 y0,42

(b) Non-Mapped City (j = 2)

Note: Diagrammatic representation of two cities each with four neighborhoods. Neighborhood cell i in
city j experiences a crime outcome yij based on the credit-restrictions it was assigned. In the mapped city
(j = 1), only neighborhood cell 1 was randomly assigned a credit-restriction (“redlining”), and experienced
a crime outcome yH,11. In the non-mapped city (j = 2) none of the neighborhoods were assigned a
credit-restriction, and each experienced a separate crime outcome y0,i2.
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Table A2: Summary Statistics, Between-Cities

Panel A: City Level
Mapped Non-Mapped Total

Crime Victimizations
All (White) 765.61 477.11 569.15

(1385.38) (1060.01) (1179.46)
Violent (White) 101.03 57.19 71.17

(179.96) (129.90) (148.89)
Property (White) 664.58 419.93 497.98

(1223.03) (936.79) (1041.33)

All (Black) 262.74 95.59 148.92
(729.44) (323.91) (496.21)

Violent (Black) 70.61 22.20 37.65
(194.54) (75.94) (128.21)

Property (Black) 192.13 73.39 111.27
(543.87) (249.91) (373.33)

All (Hispanic) 90.97 47.74 61.54
(309.95) (175.13) (227.46)

Violent (Hispanic) 18.48 9.12 12.11
(52.81) (29.42) (38.63)

Property (Hispanic) 72.50 38.62 49.43
(260.30) (149.61) (192.26)

Observations 119 254 373
1930 Demography
City Population 48,640.00 28,954.92 33,343.31

(6,933.42) (7,893.42) (11,238.84)
PCT White 0.91 0.94 0.93

(0.12) (0.11) (0.11)
PCT Black 0.09 0.06 0.07

(0.12) (0.11) (0.11)
PCT Naturalized Citizens 0.07 0.08 0.08

(0.06) (0.06) (0.06)
PCT Married (Spouse Present) 0.42 0.42 0.42

(0.04) (0.05) (0.05)
PCT HH Having a Radio 0.45 0.48 0.47

(0.16) (0.18) (0.18)
PCT in School 0.22 0.22 0.22

(0.03) (0.04) (0.04)
PCT Literate 0.80 0.79 0.80

(0.04) (0.05) (0.05)
PCT in Labor Force 0.42 0.41 0.41

(0.04) (0.05) (0.05)
PCT Wage Workers 0.39 0.37 0.37

(0.04) (0.05) (0.05)
Average Home Value ($) 6,976.20 6,636.16 6,711.97

(2,955.04) (4,276.88) (4,018.21)
Average Rental Amount ($) 31.19 31.04 31.07

(11.51) (13.67) (13.20)

Observations 70 244 314

Note: Means reported with standard errors in parentheses. Sample is restricted to observations for
cities with a 1930 population between 20,000 and 60,000 people. Distributions are reported sepa-
rately for cities which were redline-mapped and for those not mapped. Panel C Crime Victimiza-
tion: Source is NIBRS 2015 Crime Victimization Data. Observations are at the agency-level. Panel C
1930 Demography: Source is address-level 1920-1930 Census Data. Observations are at the city-level.
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Table A3: Summary Statistics, Between-Cities

Panel B: City Level, Continued
Mapped Non-Mapped Total

Criminal Arrests
All (White) 438.25 300.83 347.68

(911.49) (547.62) (695.45)

Violent (White) 114.87 70.57 85.67
(271.90) (163.89) (207.89)

Property (White) 323.38 230.26 262.00
(683.40) (415.58) (523.61)

All (Black) 271.60 116.70 169.50
(511.23) (231.70) (359.80)

Violent (Black) 95.70 36.40 56.62
(200.39) (71.26) (133.28)

Property (Black) 175.90 80.30 112.89
(337.32) (167.95) (243.40)

Observations 150 290 440

Note: Means reported with standard errors in parentheses. Sample is restricted to observa-
tions for cities with a 1930 population between 20,000 and 60,000 people. Distributions are re-
ported separately for cities which were Redline-Mapped and for those not mapped. Panel B
Criminal Arrests: Source is UCR 2015 Arrest Data. Observations are at the agency-level.
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Table A4: Summary Statistics, Los Angeles

Panel C: Neighborhood Level (Los Angeles)
Red Non-Red Total

2010 Crime Victimizations
Distance to Redline (Miles) -0.51 1.70 1.36

(0.30) (1.09) (1.29)
Property Crimes 1991.00 1021.06 1170.83

(2718.07) (2102.43) (2230.74)
Violent Crimes 1739.69 683.29 846.41

(2853.51) (2535.18) (2609.44)
All Crimes 5756.83 2531.23 3029.30

(8582.86) (6936.69) (7291.70)
1930 Demography
PCT White 0.94 0.98 0.97

(0.16) (0.08) (0.10)
PCT Black 0.02 0.01 0.01

(0.05) (0.02) (0.03)
PCT Japanese 0.01 0.01 0.01

(0.02) (0.07) (0.07)
PCT Non-Hispanic 0.92 0.98 0.97

(0.12) (0.06) (0.08)
PCT Mexican 0.07 0.02 0.03

(0.11) (0.06) (0.07)
PCT Native Born 0.53 0.62 0.60

(0.19) (0.21) (0.21)
PCT Married (Spouse Present) 0.42 0.46 0.45

(0.12) (0.17) (0.16)
PCT Have Children in HH 0.15 0.17 0.16

(0.09) (0.11) (0.11)
PCT Have Children ≤5 in HH 0.03 0.02 0.02

(0.04) (0.05) (0.05)
PCT Have a Radio 0.58 0.77 0.73

(0.23) (0.24) (0.24)
PCT In School 0.20 0.21 0.20

(0.10) (0.13) (0.12)
PCT Literate 0.85 0.85 0.85

(0.08) (0.12) (0.11)
PCT In Labor Force 0.46 0.44 0.44

(0.15) (0.17) (0.17)
PCT Self-Employed 0.06 0.11 0.10

(0.04) (0.15) (0.14)
PCT Works for Wages 0.40 0.34 0.35

(0.15) (0.14) (0.15)
House Value 8089.84 14539.23 13218.89

(5519.34) (22786.69) (20614.56)
Rent Value 31.83 55.75 50.09

(12.43) (56.83) (50.97)
PCT No Mortgage - Own Free and Clear 0.04 0.03 0.03

(0.05) (0.10) (0.09)
PCT Have a Mortgage 0.05 0.03 0.03

(0.05) (0.05) (0.05)

Observations 42 230 272

Note: Means reported with standard errors in parentheses. All observations are at the neighborhood-
level, neighborhoods being delineated accordingly to boundaries drawn by HOLC surveyors. Distri-
butions are reported separately for neighborhoods assigned red (“redlined”) and those assigned any
other color. Panel C (2010 Crime Victimizations): Source is City of Los Angeles geocoded crime
data (2010). The distance to redline variable measures the distance from a crime to the near-
est redline (distances inside a red neighborhood out to its border being coded with negative val-
ues). Crimes are limited to UCR Type 1 crimes and broken down by property and violent
crimes, respectively. Panel C (1930 Demography): Source is geocoded 1920-1930 decennial Census.
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Table A5: Selected List of Redline-Mapped and Not Mapped Cities

Not Mapped Mapped

Tucson, AZ Phoenix, AZ

Santa Barbara, CA Stockton, CA
Bakersfield, CA Fresno, CA
San Bernardino, CA San Jose, CA

Colorado Springs, CO Pueblo, CO

Orlando, FL St. Petersburg, FL

Champaign, IL Joliet, IL
Bloomington, IL Aurora, IL

Ashland, KY Lexington, KY

Melrose, MA Pittsfield, MA
Gloucester, MA Holyoke, MA

Ann Arbor, MI Kalamazoo, MI

St. Cloud, MN Rochester, MN

Vicksburg, MS Jackson, MS

Ithaca, NY Poughkeepsie, NY
Middletown, NY Jamestown, NY

Lubbock, TX Amarillo, TX
Brownsville, TX Wichita Falls, TX
Abilene, TX Port Arthur, TX
San Angelo, TX Waco, TX
Corpus Christi, TX Galveston, TX
Laredo, TX Austin, TX

Bristol, VA Lynchburg, VA

Green Bay, WI Madison, WI

Note: Reported cities all have a 1930 population between 20,000 and 60,000, the redline-mapping cutoff
being 40,000. Data sources are 1930 Census and HOLC archival records.
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Table A6: Impact of Redline-Mapping on Educational Attainment: Between City Estimates

(1) (2)
PCT Black with High School PCT Black with College

RD Estimate -0.044∗∗∗ -0.053∗∗∗

(0.009) (0.008)

Observations 573,683 573,683
Mean .390 .221

Note: Table shows regression discontinuity estimates of the impact of redline-mapping on educational
attainment with standard errors reported in parentheses. Observations are at the individual level. The
outcome variable is the percent of black individuals having graduated high school and having attended at
least some college, in columns (1) and (2) respectively. The running variable is 1930 city population.
Bandwidth size is chosen optimally following Calonico (2017). Source: 1980 Census and HOLC archival
documents. The reported mean is for non-mapped cities within the optimal population bandwidth.
Significance levels indicated by: * (p < 0.10), ** (p < 0.05), ***(p < 0.01)
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Table A7: Correlation Between Demography, HOLC Mapping Assignments and Contempo-
rary Crime

(1) (2)
2010 Violent Crimes

1939 Mexican Population 382.3∗∗ -35.1
(193.4) (261.7)

Blue 111.6∗∗∗

(36.9)

Yellow 698.1∗∗∗

(219.6)

Red 963.5∗∗

(412.3)
Observations 416 416
Mean 530.3 530.3
Pseudo R2 .094 .168

Note: The table reports average marginal effects from Poisson regressions with heteroskedasticity-robust
errors reported in parentheses. The outcome variable is the count of violent crime in a neighborhood in
2010. Violent crimes are defined as those crimes the description of which contains words such as “murder”
and “robbery”. “1939 Mexican Population” is an indicator variable which is 1 when a HOLC surveyor
reported a significant Mexican population and 0 otherwise. Estimates of color designations are relative to
Green, the lowest risk category. (See Figure 8 for the map with neighborhood color assignments indicated.)
The regressions control for population using 1920-1930 Census data. In all specifications, the sample is
restricted to areas which received some HOLC color designation in 1939. Data sources are city of Los
Angeles crime data and HOLC archival records. Significance levels indicated by: * (p < 0.10), **
(p < 0.05), ***(p < 0.01)
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Table A8: Impact of Redline-Mapping on Housing Stock: Between City Estimates

(1) (2) (3) (4) (5) (6)
PCT Detached Single PCT Attached Single PCT 2-4 Family PCT 5+ Family PCT Mobile PCT Other

Family Homes Family Homes Housing Units Housing Units Home Units Housing Stock
Panel A1: 1960 Housing Stock

RD Estimate 0.1203 0.0146 -0.0507 -0.0633 -0.0140 -0.0000
(0.0734) (0.0272) (0.0474) (0.0404) (0.0136) (0.0003)

Mean .4704 .0615 .1612 .0816 .02053 .0004
Panel A2: 1960 Housing Stock With Black Residents

RD Estimate 0.2519 0.0621 -0.0974 -0.1668∗∗ -0.0042 -0.0009
(0.1954) (0.0930) (0.0778) (0.0808) (0.0139) (0.0011)

Mean .3568 .0864 .1571 .1039 .0245 .0006
Panel B1: 1980 Housing Stock

RD Estimate 0.0367 -0.0089 0.0122 -0.0304 -0.0068 -0.0000
(0.0398) (0.0202) (0.0165) (0.0243) (0.0098) (0.0000)

Mean .6493 .0457 .0993 .1619 .0140 .00005
Panel B2: 1980 Housing Stock With Black Residents

RD Estimate -0.0487 -0.0050 0.0315 0.0246 0.0011 .
(0.0687) (0.0335) (0.0291) (0.0765) (0.0045) .

Mean .5487 .0610 .1246 .2256 .0034 .
Panel C1: 2000 Housing Stock

RD Estimate 0.0423 -0.0149 -0.0227 -0.0040 -0.0016 -0.0031
(0.0647) (0.0261) (0.0217) (0.0467) (0.0112) (0.0033)

Mean .6044 .0668 .1046 .1954 .01988 .0092
Panel C2: 2000 Housing Stock With Black Residents

RD Estimate -0.0335 -0.0333 0.0005 0.0479 0.0019 0.0001
(0.0993) (0.0380) (0.0610) (0.0818) (0.0112) (0.0071)

Mean .4761 .0633 .1432 .3168 .00537 .0102
Observations 143 143 143 143 126 126

Note: The table shows regression discontinuity estimates of the impact of redline-mapping on city-level
housing stock and city-level black housing occupancy. The outcome variables are aggregated tabulations of
the Census variable UNITSSTR. In panels A1, B1 and C1 the outcome variables measure available housing
stock at the city year level; in panels A2, B2 and C2 the outcome variables measure housing stock with
black residents at the city year level. The running variable is always 1930 city population. Bandwidth size
is chosen optimally following Calonico (2017). The reported mean is for cities within the optimal
population bandwidth. There is a small amount of variation in the number of cities reporting non-missing
UNITSSTR values across decades; reported observations are for the 2000 sample. In 1980, the estimate for
“other” housing stock with black residents is missing because there is not enough support in the outcome
variable over the bandwidth to perform the estimation. The sources are the Decennial Census and HOLC
archival documents. Significance levels indicated by: * (p < 0.10), ** (p < 0.05), ***(p < 0.01)
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Table A9: Impact of Redline-Mapping On Short Run Migration (1940): Between-City Estimates

(1) (2) (3) (4) (5) (6)
Same House Same Community Same City Moved Within County Moved Wthn St Btw St (Contig)

City Was HOLC Mapped 0.0670∗∗∗ 0.0617∗∗∗ 0.0617∗∗∗ -0.00815∗ 0.00314 0.00114
(0.00981) (0.0123) (0.0123) (0.00408) (0.00214) (0.00270)

Observations 266 266 266 266 266 266
Mean .2227 .6407 .6407 .4524 .0199 .0394

Note: Table reports estimates of the impact of redline-mapping on various measures of short-run migration. Observations are at the
city-level. The estimates are obtained by regressing a given short-run migration measure against an indicator variable for whether a city were
mapped. The sample is restricted to cities with a 1930 population between 20,000 and 60,000. Each measure is obtained from respondent’s
answer on the 1940 Census to questions about residency on April 1, 1935. In column (1) the outcome variable is an indicator for whether or
not the respondent reports living in the same house at the time of survey as in 1935. Columns (2)-(4) use similar measures at the community,
city and county level. Column (5) uses a measure of moving within the state of residence, and column (6) uses a measures of moving between
contiguous states as the outcome variable. The reported mean is for non-mapped cities within this population bandwidth. Source: 1940
Census and HOLC archival documents Significance levels indicated by: * (p < 0.10), ** (p < 0.05), ***(p < 0.01)
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Table A10: Impact of Redline-Mapping on Demography: Between-City Estimates of Com-
positional Migration

(1) (2) (3)
PCT Black PCT Hispanic PCT White

RD Estimate 0.06 -0.03 -0.01
(0.07) (0.08) (0.07)

Observations 559 559 559
Mean (Bandwidth) .14 .17 .72

Note: Table shows regression discontinuity estimates of the possible impact of redline-mapping on
present-day racial demography. Corresponding regression discontinuity diagrams are displayed in
Figure A8. Observations are at the city-level. Data sources are the 2010 Census and Home Owner Loan
Corporation (HOLC) archival records.
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Table A11: Further Balancing Tests: Within-City 1920-1930 Covariates

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Household Variables
Have Radio Nmb Families Nmb Subfamilies Nmb Married Nmb Mothers Nmb Fathers Own Home Rent Home

RD Estimate 0.16 0.68 0.25 -0.15 0.90 1.13 -0.61 1.15
(0.900) (0.335) (0.440) (0.804) (0.361) (0.243) (0.458) (0.182)
[0.974] [0.748] [0.748] [0.945] [0.748] [0.748] [0.748] [0.748]

Observations 7449 10140 10140 10140 10140 10140 10140 10140
Mean (Bandwidth) .54 1.6 .09 .76 .70 .55 .33 .58
Mean (Non-Red) .61 1.54 .09 .84 .78 .64 .44 .51

Panel B: Family Formation Variables
Nmb Family Members Nmb Children Have Children <5 Female Spouse Present Spouse Absent Divorced Single

RD Estimate 1.19 0.35 0.05 0.36 -0.46 -0.10 0.01 0.14
(0.751) (0.722) (0.254) (0.377) (0.321) (0.461) (0.865) (0.751)
[0.929] [0.929] [0.748] [0.748] [0.748] [0.748] [0.974] [0.929]

Observations 10140 10140 10140 10140 10140 10140 10140
Mean (Bandwidth) 3.41 .54 .02 .51 .41 .04 .03 .43
Mean (Non-Red) 3.64 .63 .03 .5 .44 .04 .02 .42

Panel C: Race and Class Variables
White Chinese Japanese Asian/Pacific Islander Cuban Native Born Mother Foreign Born Foreign Born

RD Estimate -0.00 -0.00 0.18 -0.13 -0.01 -0.07 0.02 -0.01
(0.988) (0.322) (0.342) (0.271) (0.368) (0.911) (0.872) (0.984)
[0.988] [0.748] [0.748] [0.748] [0.748] [0.974] [0.974] [0.988]

Observations 10140 10140 10140 10140 10140 10140 10140 10140
Mean (Bandwidth) .96 0 .01 .01 0 .52 .03 .2
Mean (Non-Red) .96 0 .02 0 .01 .6 .03 .17

Panel D: Education and Labor Force
Not In School In School Illiterate Literate Not in Labor Force In Labor Force Self-Employed Works for Wages

RD Estimate -0.34 0.34 -0.03 -0.36 0.20 -0.59 -0.82∗ 0.25
(0.413) (0.413) (0.739) (0.127) (0.586) (0.247) (0.076) (0.551)
[0.748] [0.748] [0.929] [0.748] [0.835] [0.748] [0.715] [0.810]

Observations 10140 10140 10140 10140 10140 10140 10140 10140
Mean (Bandwidth) .82 .18 .02 .86 .31 .49 .08 .42
Mean (Non-Red) .79 .21 .01 .84 .34 .43 .07 .36

Note: The reported coefficients are spatial regression discontinuity estimates of whether there is an “effect” of redlining on the given
pre-period variable, with p-values reported underneath. The running variable is always the distance away from the redline on Home Owners
Loan Corporation (HOLC) security maps and the threshold is the redline itself. Two p-values are reported: first, the standard p-value for a
two-tailed hypothesis test is reported in parentheses, and, second, multiple-inference corrected p-values are reported in brackets. Bandwidth
size is fixed at .4 miles to ease comparison. The sample is restricted to areas which received some HOLC color grade in 1939. Sample size is
smaller for “Have Radio” because some households in the sample did not answer this survey question. Two means are reported: means within
the bandwidth and means across all neighborhoods, regardless of bandwidth, given a color grade other than red. Data sources are 1920-1930
Census and HOLC archival records. Significance levels for standard p-values indicated by: * (p < 0.10), ** (p < 0.05), *** (p < 0.01)
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Table A12: HOLC’s Revealed Preferences about Racial Composition

Ordered Logit
Pr(Redlined) Pr(Yellow) Pr(Blue) Pr(Green)

Increasing Black 0.127∗∗ 0.063 -0.109∗ -0.081∗

(0.064) (0.040) (0.059) (0.045)

Increasing Hispanic 0.039 0.019 -0.033 -0.025
(0.034) (0.018) (0.029) (0.022)

Increasing Jewish 0.018 0.009 -0.016 -0.012
(0.048) (0.024) (0.041) (0.030)

Increasing Japanese 0.103∗ 0.051∗ -0.088∗ -0.065∗

(0.061) (0.031) (0.052) (0.039)

Increasing Subversive 0.082∗∗ 0.041∗∗ -0.071∗∗ -0.052∗∗

(0.035) (0.020) (0.030) (0.023)

No Inc Subversive -0.025 -0.012 0.022 0.016
(0.026) (0.013) (0.022) (0.017)

Restrictive Covenant -0.027 -0.013 0.023 0.017
(0.040) (0.020) (0.034) (0.025)

Observations 416 416 416 416
Mean .24 .42 .23 .11
Pseudo R2 .169 .169 .169 .169

Note: Each column reports average marginal effects from an ordered logistic regression with standard
errors clustered at the neighborhood and reported in parentheses. The outcome variable is the ordinal rank
assignment HOLC gave to each neighborhood (“red”,“yellow”, “blue”, “green”). The variables of interest
are indicator variables constructed by performing text searches through the field on the HOLC Survey form
entitled “Shifting or Infiltration” (See Figure 13 for an example of a HOLC Survey Form, and Table 3 for
examples of text responses in the “Shifting or Infiltration” field, and the Appendix for a detailed
explanation of the text searches performed.) Each column reports these marginal effects on the likelihood
of being assigned a different ordinal rank, ranging from the lowest rank, “red”, to the highest rank,
“green”. Results are conditional on HOLC recorded neighborhood income in 1939, median existing home
price in 1939, and average new build home price in 1939, as well as expectations about future trends in the
foreign born population, future trends in wealth levels (i.e. both increases in wealthy residents and
increases in poor residents), and future overall population dynamics (i.e.whether increasing decreasing,
staying constant). The regressions control for population using 1920-1930 Census data. Data sources are
HOLC archival records. Significance levels indicated by: * (p < 0.10), ** (p < 0.05), *** (p < 0.01)
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Appendix: Redlining and Migration

Redline-mapping could cause both within-city migration across neighborhoods and between-
city migration across cities or even regions. Thus, understanding both types of migration is
important for interpreting the reduced form impact of redlining both at the within-city and
between-city-level.

The estimates reported in Table A9 provide evidence that redline-mapping did not cause
either significant within or between city migration in the short run.32 If we saw evidence
of differential within-city migration from the estimates in Table A9, this might suggest that
the within-city effects of redlining on crime could be due largely to residents of a city sorting
themselves between neighborhoods in response to the mapping. However, the estimates in
columns (1)-(3) of Table A9 suggest that redline-mapping may have decreased within-city
moves by about 6 percentage points (a 10% decrease off the mean) in the short run; columns
(4)-(6) suggest redline-mapping did not affect between-cities moving rates in the short run.

It is still possible that redline-mapping is responsible for shaping long-run between-city
migration patterns. For example, it could be that some of the well known “Great Migration”
patterns of black residents moving away from Southeastern states were influenced by redline-
mapping practices. Figure A8 and Table A10 shows regression discontinuity estimates of the
possible impact of redline-mapping on present-day city-level racial composition; they utilize
the same city-level identification strategy I describe in Section 3.2. The estimates provide
suggestive evidence that redline-mapping may have increased share black and decreased
share white at the city-level; these estimates are consistent with an account in which some,
but not all,33 of the reduced form effect of redline-mapping on crime is due to between-city
migration and accompanying shifts in the racial composition of cities.

I am in the process of using restricted Census data which links individuals in various
Census surveys to their place of birth to more definitively answer the question of whether
between-city migration was affected by redline-mapping.

32The short run in this case is the period of time between April 1, 1935 and the date of the 1940 Census
survey. Because this is the first year the Census began to ask this migration question it is not possible to
run a similar specification using the 1930 Census. Redline-mapping began in 1935 and continued through
1940. In Los Angeles, for example, city mapping occurred mainly in March of 1939 while the 1940 decennial
Census surveys were given out so as to be reflective of conditions April 1, 1940. While there is variation in
when cities were mapped, it is reasonable to think that the migration responses of a survey in April of 1940
could pick up migration patterns in the immediate aftermath of redline-mapping.

33Back of the envelope calculations show that the point estimates in Table A10 can at most explain a third
of the city-level crime effects
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Appendix: Comparing NIBRS and UCR Results

Figure A5 shows that the city-level estimates of the impact of redline-mapping on crime using
NIBRS are comparable to the estimates obtained using UCR data, which measure arrests
by city by race. The estimates reported in Figure A5 (obtained by estimating Equation 1 on
UCR data) imply that 61 additional Black arrests per city in 2015 are attributable to redline-
mapping. Thus, if we assume that the additional Black arrests are for crime perpetrated
against Black victims, these estimates would suggest an arrest rate of roughly 35%, which is
not far from the national average for UCR Type 1 crimes.34

Furthermore, preliminary tests on the distribution of crime as measured by NIBRS and
UCR reveal that these datasets give consistent measures of criminality by race. To test
consistency, for example, I construct a variable that measures the difference between Black
(UCR Type 1) crime victimizations reported to NIBRS and Black (UCR Type 1) criminal
arrests reported to the UCR. This variable, which measures consistency between the two
datasets, is very nearly mean zero, and, more importantly, does not jump at the 40,000
population threshold. This suggests that whatever noise there is in these data at the city-
level is an instance of classical measurement error, or at least not systematically connected
to redline-mapping.

34 FBI (2010)
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Appendix: Decadal Breadkdowns of the Impact of Redlinig

on Racial Segregation

To complement the results displayed in Figure 14, I also consider specifications which esti-
mate city-decade level measures by decade. Figure A7 shows a panel of city-level regression
discontinuity diagrams where the outcome is White-Black racial segregation in a given year
as measured by the White-Black Dissimilarity Index (a standard measure of racial segrega-
tion in cities). Figure A7, subfigure (a), shows a placebo test for White-Black segregation
in the period just before redline-mapping was implemented: I find no significant difference
in White-Black racial segregation across the population threshold in 1930. Figure A7, sub-
figures (b)-(c), show estimates of the impact of redline-mapping on White-Black segregation
in 1980 and 1990, respectively. (By 1980, cities which were redline-mapped had been sub-
ject to de jure discrimination in the credit market for approximately 30 years.) I estimate
that in 1980 redline-mapping was responsible for an increase of 11 dissimilarity points, ap-
proximately a 24% increase off the mean. This estimate is significant at the ten percent
level (See Figure A7, subfigure (b)). I separately estimate that in 1990 redline-mapping was
responsible for an increase of 8 dissimilarity points, approximately a 19% increase off the
mean. This estimate is significant at the fifteen percent level (See Figure A7, subfigure (c)).
The estimate for 1980, for example, suggests that, as a result of being redline-mapped, in
redline-mapped cities 11% more White households would have to move neighborhoods in or-
der for each neighborhood to have the same racial composition as the city as a whole. Taken
together, subfigures (a)-(c) of Figure A7 suggest that redline-mapping caused increases in
racial segregation by slowing the rate at which racial segregation was otherwise declining at
the national level. In other words, redline-mapping seems to have allowed racial segregation
to persist longer than it would have in the absence of mapping.
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Appendix: Text Analysis of HOLC Survey Forms

To conduct the analysis reported in Table 4 and Table A12, I use text searches within the
text responses listed in the item 1.e “Shifting or Infiltration” for the 416 survey documents
constructed through Los Angeles (See Figure 8 for a sample survey document). The con-
struction of racial and ethnic categories follows the language in the text in a straightforward
way and is assigned informally. The procedure is an intuitive version of the Continuous
Bag of Words model used in Atalay et al. (2017); a formal procedure would be necessary to
analyze all HOLC survey forms in all 239 mapped cities but is not necessary for an analysis
of Los Angeles alone. Table A13 just below offers detailed examples.
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Table A13: Sample HOLC Surveyor Text and Analysis

Raw Text Strings Words that Identify Race Variable Variable Assignments

Infiltration of Japanese and Negroes “infiltration”, “Japanese”, Increasing Black =1,
is a threat “Negroes”, “threat” Increasing Japanese =1

Both Mexican and Negro population “Mexican”, “Negro” Increasing Black = 1,
increasing Increasing Mexican = 1

Continued infiltration of Mexicans “infiltration”, “Mexican”, “Negro” Increasing Black = 1,
and Negroes Increasing Mexican = 1

Japanese and Negroes are increasing “Japanese”, “Negroes” Increasing Black =1,
Increasing Japanese =1

Shifting or Infiltration of more Negroes “shifting”, “infiltration”, “Negroes”, Increasing Black =1,
and other subversive racial elements “other subversive”, “racial” Increasing Subversive =1

Mexicans living on border agricultural “Mexican”, “threat” Increasing Hispanic = 1
lands a threat.

Shifting or Infiltration of American “shifting”, “infiltration”, “Jewish” Increasing Jewish = 1
Jewish families is noticeable

Infiltration of subversive racial “infiltration”, “subversive”, Increasing Subversive = 1
elements is a threat “racial”, “threat”

Deed restrictions protect against “Deed restrict”, “racial hazard” Restrictive Covenant = 1
racial hazards

Very remote- highly deed restricted “Deed restrict” Restrictive Covenant = 1

No evidence at present “No evidence” No Increasing Subversive =1

None apparent “None” No Increasing Subversive =1

Higher income population increasing - Increasing Wealthy Population =1

Infiltration of low income groups “infiltration” Increasing Poor Population = 1

Note: The leftmost column lists sample text responses from item 1.e on HOLC survey sheets for Los Angeles, CA in 1939. The middle
column lists the words relevant to the string searches I perform; these searches form the basis for the value assignment of race indicator
variables. The rightmost column lists every non-zero indicator variables assignment given to the text string in its row. For comparison I
include examples of some non-zero assignments for variables which aren’t about race, e.g., a variable indicating increases in the wealthy or
poor populations. Race variables I consider are limited to: Increasing Black, Increasing Hispanic, Increasing Jewish, Increasing Japanese,
Increasing Subversive, No Increasing Subversive, Restrictive Covenant.
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Appendix: Comparing Within-City and Between-City

Estimates

This paper employs two regression discontinuity (RD) estimators to determine the effects
of credit-access on crime: the first RD estimates the between-city effects of a city being
redline-mapped by HOLC (having a map constructed with red assignments) as compared
to cities not redline-mapped (not having a map constructed at all), and the second RD
estimates the within-city effects of neighborhoods being redlined (assigned grade “red”)
as compared to neighborhoods not redlined (assigned “non-red”). Broadly speaking, the
within-city estimates show that redlining increased crime in redlined neighborhoods and
the between-city estimates show that the construction of a redlining map increased overall
city-level crime. This section derives a general framework that allows me to compare the
within-city and between-city estimates. This framework demonstrates that if the size of
the difference between the estimates is large enough, redlining increased overall city-level
crime in redline-mapped cities while at the same time decreasing would-be crime levels in
neighborhoods in the redline-mapped cities which were not redlined (assigned a “non-red”
grade).

Imagine an experimental environment in which there are c cites, each of which has n
neighborhoods. Let a credit restriction (“redline-mapping”) be randomly assigned to k of
the n neighborhoods for l of the m cities (“mapped” cities); for m − l cities no restrictions
are placed on the credit market (“non-mapped cities”). At a later time period, we measure
neighborhood-specific crime levels, yij, for neighborhood i and city j. I distinguish three
distributions of the outcome, yij, based on these randomly assigned treatments:





yH,ij Redlined Neighborhood i in Mapped City j

yL,ij Non-Red Neighborhood i in Mapped City j

y0,ij Neighborhood i in Non-Mapped City j

(See Figure A15 for a diagrammatic represenation of the cases.) A positive within-city
estimate would entail that, on average, crime is higher in redlined neighborhoods than in
non-red neighborhoods (EyH,ij > EyL,ij). A positive between-city estimate would mean

that, on average, crime is higher in mapped cities than in non-mapped cities (E(
∑k

i=1 yH,ij +∑n−k
i=1 yL,ij) > E

∑n
i=1 y0,ij). However, even if redlined neighborhoods had higher crime than

non-red neighborhoods and mapped cities had higher crime than non-mapped cities, the
relationship between crime in the non-red neighborhoods of a mapped city and the neighbor-
hoods in an unmapped city (EyL,ij and Ey0,ij) is theoretically ambiguous. This relationship
can help answer the question: did redlining increase overall city-level crime by increasing
crime only in redlined neighborhoods, or did it also transfer some of the would-be crime
from the non-red neighborhoods to the redlined neighborhoods? To address this question I
derive the conditions under which we would find evidence of such a transfer, namely, when,
on average, crime in redlined neighborhoods is higher than crime in neighborhoods in non-
mapped cities, which is itself higher than crime in the non-red neighborhoods of mapped
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cities (EyH,ij > Ey0,ij > EyL,ij).
Because I assume random assignment of credit restrictions in this section, the between

city and within city treatment effect estimates can be computed as straightforward differences
of means. For a random assignment of credit restrictions to k of the n neighborhoods inside
l of the m cities, the within and between-city estimators are:

β̂w/in =
1

k

k∑

i=1

yH,ij −
1

n− k
n−k∑

i=1

yL,ij (3)

β̂b/t =
1

l

l∑

j=1

[ k∑

i=1

yH,ij +
n−k∑

i=1

yL,ij

︸ ︷︷ ︸
Total Crime
In Mapped
City j

]
− 1

m− l
m−l∑

j=1

n∑

i=1

y0,ij

︸ ︷︷ ︸
Total Crime
In Non-Mapped
City j

(4)

for neighborhood i and city j. Substituting Equation 3 into Equation 4, and normalizing
k to 1,35 we discover the conditions under which the within-city estimate would exceed the
between-city estimate:

β̂w/in > β̂b/t ⇐⇒ E(y0,ij)︸ ︷︷ ︸
Average Crime
In Neighborhood
Inside Non-Mapped City

> n× E(yL,ij)︸ ︷︷ ︸
n × Average Crime
In Non-Red Neighborhood
Inside Mapped City

(5)

If, on average, crime in a neighborhood in a non-mapped city were larger than crime
in a non-red neighborhood in a mapped city (being appropriately scaled up by the frac-
tion of neighborhoods redlined36) then this would imply that non-red neighborhoods in the
mapped cities benefited from the mapping process: crimes that would have been in those
non-red neighborhoods had the city not been mapped were transferred into the redlined
neighborhoods because of the redline-mapping.37

35This would render the effective number of neighborhoods to be n
k . Intuitively, instead of having k

redlined neighborhoods and n − k non-red neighborhoods, we would now have one large redlined area and
n
k -1 non-red neighborhoods.

36Intuitively, multiplying by n
k simply scales up the crimes in the non-red areas of the mapped cities to

account for the fact that all neighborhood in non-mapped cites are being compared to only the non-red share
of neighborhoods in the mapped cities.

37This result also shows that it would be rational for a person living in a would-be highly ranked neighbor-
hood whose preferences do not involve neighborhoods other than her own, to prefer her city to be mapped.
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