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Redlined Yesterday and Redlined Today: The Home Owners Loan Corporatios’Long
Shadow

The Home Owners Loan Corporation (HOLC), passed during the Great Depretsidizes a
mortgagemarket in which half of all debt was in defall¥hile designed as short term relief,
HOLC had a lasting effect on tmeortgage markethroughinstitutionalizingthe racist practice
of denying mortgages to communities of color. Over subsequent detast#sing” funneled
billions of dollars away from black neighborhoods and stiapgregation patterns and the racial
wealth gap.Contemporary haing inequality isa result of this history of racialized exclusion.
This paper combinesiewly-digitized archival data with data describingecent mortgage
outcomes to investigate the intransigence of spatial inequality in housing finastaaw Ithat
borrowers in the early Twenty First Century were at a severe disadeamtagn punsing
mortgages in neighborhoods redlined by HOLC appraisers in the first half of thaidtive
Century. Specificallysuchapplicants were more likely to be denied l®and receive subprime
loars. Furthermore, foreclosures were more commorredlined areasduring the Great
RecessionThis paper shows that the geographic patterns of vulnerability to exclusion and
exploitation are remarkably stable andlghlights the role of persistent institutional
marginalizationin replicating racial and spatial inequalities
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Redlined Yesterday and Redlined Today: The Home Owners Loan Corporatios’Long
Shadow

Introduction

The Home Owners Loan Corporation (HOLC), passed in 1933, stabilized a housing market i
which half of all mortgage debt was in default (Jackson ;1Bi@kson et al. 2016). The program
provided funds to refinance homes at risk of foreclosure and allow those who had already lost
their homes to repurchase them. While designeshagtermrelief, HOLC had a dramatic and
lasting effect on homeownership through the replaceémiea patchwork of mortgage practices

with the long term, uniform payment mortgage (Fishman L38OLC also institutionalized the

racist practice of denying mortgages to people and communities of color. “Redi@&ecurity

Maps” created by HOLC apprais labeled black and immigrant neighborhoods as undesirable
and outlined them in red.

The adoption of redlining” by private lenders as well as subsequent federal programs
(e.g. the Federal Housing Administration (FHA) and Veteran's Administr§tié)) funneled
billions of dollars of mortgage credit away from black neighborhoods (Jackson 1985)and ov
the course of decades helped shape segregation patterns, homeownership inequality, and the
racial wealth gapAaronson et al. 2017Collins and Margo 2011 Conley 1999 Massey and
Denton 1993McCabe 2016Roediger 2006 Home equityis the largest asset held by most
Americans (Taylor et al. 2018nd disparities in access to affordaplagh quality mortgage
credit remain a driving force in the wealth dagtween white and minority households (Faber
and Ellen 2016Flippen 2004 Krivo and Kaufman 2004as well as a contributor segregation
(Bond and Williams 2007).

This paperconnectsthe historic, explicitly racist practice of redlining contemporary
housing finance, which remaimharacterized by racial inequalities decades after discrimination
was made illega(Faber 2013 Hanson et al 2016; Munnell et al. 1996; Rugh et al. 015
Specifically, 1 combinenewly-digitized archival data cataloging HOLCeighborhood grades
with Home Mortgage Disclosure Act (HMDA) data describing lendirariices in recent years
and RealtyTrac data on foreclosure activity during the Great Recessiomovotlsat areas
redlinedby HOLC underwriters in the 1930s had significantly higher subprime lending rates at
the peak of the housing boom and accumulated more foreclosures during the subsequent
recession than areas identified“aesirablé. It wasalso significantly more difficult to secure
loars inredlinedneighborhoods well into the housing market’s recovery (i.e. in 2015).

Although perhaps not surprising, it is important to document the rigidity of the economic
organization of neighborhoods over time because it carries substantial iropBcédr our
understanding of how spatial stratification manifests as racial inequalse results provide
empirical support forclaims that past settlement patterns and the ways such patterns were
evaluated by institutions matters tod@{rivo and Kaufman 2004Logan 2016;Williams et al.
2005). Some of the relationship between HOLC grades and contemporary outcomesas due t
socioeconomic disadvantage that characterimdlined neighborhoods today as well as
racialized selection into different neighborhood tygdswever, it is difficult to understate the
culpability of HOLG—as well as those who adopted HOLC rules in subsequent deeades
shaping thesegregatiompatterns we see tod@aronson et al. 2017Furthermore,d the extent
that contemporary tract characteristics “explain” disparities across H@ddegthis issamethe
logic that justified a practice we now consider to have been racist and hesersde illegal
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Together, these patterns focus our attention on the central role of place itatiagithe
intransigence of radigxclusion

Background

The Home Owners Loan Corporation

HOLC was passed to stem the tide of foreclosures brought on by the Great Deprbati of

the country’s mortgage debt was in default at the time (Roediger 2006). This popataiopi
legislationwas seen by many as having saved the housing industry (Nelson et al. 2016) by
providing funds for refinancing mortgages at risk of foreclosure and granting foahose who

lost homes to foreclosure to regain their homes (Massey and Denton 1993). InsHi@dt®@wvo

years, it granted over $3 billion of loans on over one million mortgages, which reekeae

of every ten noriarm, owneroccupied homes in the country (Jackson 1985).

While HOLC was only designed as shtatm relief, it had two dramatic and lasting
impacts First, the programnstitutionalized the longerm mortgage with uniform payments
(Jackson 1985; Massey and Denton 1993). In doing so, it created the reliance on creditdo financ
homeownership and replaced “the cragyit structure of mortgage financing left over from the
1920s” (Fishman 1987 pp 175). HOLC was one of a suite of federal policies, which also
included the FHAresponsible for creatindpe modern homeownership society and a pathway to
the middle clas§Collins and Margo 2011).

The second lasting impact of HOLC was on racial segregation. HOLC apprhisdes
cities into neighborhoods and assessed the risk of lending to borrowers in neighborisedds ba
on sociodemographic characteristics of residents lecome and race) as well as housing stock
(e.g. age and state of repair). The resulting “Residential Security Mapdéd neighborhoods
on a scale from “A” (i.e. most desirable) to “D” (i.e. least desirable). “A” areasee w
characterized by new hougirstock, an exclusively white population, and demand that was
presumed to be stable in the future. “B” areas were assessed as desirable, thdbgh pask,
while “C” and “D” neighborhoods wereconsideredto be declining and postecline,
respectively. Race and ethnicity may have been the most influential characteristics
determining a neighborhood’s grade. In St. Louis, for example, not a single black household
resided in an “A” neighborhood. Grades were caloded, with “A” in green, “B” in blue, C”
in yellow, and “D” in red—this last category is the origin of the term “redlining” as poor
neighborhoods and neighborhoods wéhen smallblack populatiors were outlined in red
Appraisers were gravely concerned with where black households lived amdhweing because
they were considered a disamenity and a signal of a neighborhood’s declidenRassecurity
maps were oftepresented alongside maps of the black population (Jackson 1985).

HOLC did not create racism in real estate, but applied trgmiactices on an
unprecedented scale. This institutionalization and legitimation of conflatortgage default
risk with racial isolation had dramatic consequences. Becaud®b€'’s racist nature, blacks
were more likely to lose their homes during the Great Depression (Conley 1999). The vast
majority of HOLC loans went to the two “most desirable” neighborhoods (Jackson 1985),
channeling funds away from black and raciatlixed areas and towards white areas that were
predicted to stay white (Massey and Denton 1998 practice of redlining continued and
evolved through its application by private banks and federal programs (Jackson 1985; Massey
and Denton 1993; Roediger 2006). Together, the HOLCA,Fkhd VA were in large part
responsible for postwar suburbanizatidollins and Margo 2011 Fishman 1987; Jackson
1985), which encouraged white flight, the concentration of wealth and resideahitys in
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white suburbs, and the “spiral of decline” (Massey and Denton 1993 pp 55) experienced/by man
cities during the latter half of the Twentieth Centukpalysis of the longerm impact of HOLC
showed that it caused racial segregation and was detrimental to home valuesofAa&toals
2017).In fact, redlining continued to 1970 by the Federal Home Loan Bank Board (Jackson
1985).Housing inequality, facilitated by federal programs, bectmadargest contributor to the
racial wealth gap (Conley 1999)he spatial and racial targeting of housing wealth also helped
create and consolidate the contemporary white idefRibediger 2006

Racial and spatial dynamics of contemporary mortgage lending

Although redlining was made illegal by tR®mmunity Reinvestment Act in 1977 and mortgage
discrimination was made illegal in 1974 by the Equal Credit Opportunity Acts@ya2005),
inequalities in mortgage outcomes hawatinued Faber 2017; Munnell et al. 1996; Schafer and
Ladd 1981; Ross and Yinger 2002; Turner 1988gparities in homeownership persist (Kuebler
and Rugh 2013) and the racial wealth gap has risen in recent decades (Talyl@®1}—in no

small part due to racially disparate changes in home equity (Conley A&8& and Elle 2016;
Flippen 2004; 2010; Friedman et al. 2013; Krivo and Kaufman )2&&tlining limits the ability

of minority households to pay for improvements, sell their homes, or refinance to mpay fo
investments in education or entrepreneurship (Logan and Molotch 1987; Patillo 2008).
Residential segregation by race may be declhibgt remains a defining aspect of American
social geography (Logan and Stults 20Masseyand Tannen2015 and is a consequence of
mortgage outcome inequalities (Bond and Williams 2007). The suite of disadvantages faci
nonwhite households pursuing homeownership likely also contributes to the fagghegation

is higher among homeowners than renters (Friedman et al. 2013).

The subprime boom and subsequent foreclosure crisisgdthim early Twenty First
Centurywere a dramatic manifestation of the racialized nature of housing finafamenca
People (Faber 2013; Gramlich 2007) and places (Hwang et al. 2015) of color wereketptte li
take on ofterpredatory subprime debt iheé market’'s rise. Academic investigation (Massey et
al. 2016) and whistleblower accounts (Powell 2009) suggest that subprime lending may have
been a departure from the trend away from explicit raoialusionand towardgargeted racial
exploitation Additionally, scholars attributed the racialized nature of subprime lendingeto t
fact that commercial bank avoidance of communities of color, which may constitute
discrimination in itself (Turner 1999), created a market void, in which subprime $etiufsed
(Gramlich 2007; Hernandez 2012; Squires 2004). This “reverse redlining” was madeepossibl
because earlier practices not only concentrated racialized poverty, ket linformation about
home lending available to minority communitiaad helped funneminorities towards less
favorable lenders and loan terf#sshton 2008; Faber 2013; Hernandez 2012; Rugh and Massey
2010; Turner 1999; Yinger 1997The geographi®mrganization of this institutionadhbsence
interacted with persistent racial segregationchaster vulnerability to predatory mortgage
lending and foreclosures in communities of caldall et al. 2015; Rugh and Massey 2010;
Rugh et al. 2015).

Although scholars have pointed to racial isolation as an important problem for decades
(e.g. Massey anddenton 1993; Wilson 198#particularly regarding access to affordable
financial and consumer services (Caplovitz 1968; Caskey 1994) gowing evidence in
support ofthesetheories has led to increased attention on the importance of place as a site of
stratification (Chetty et al. 2015; Sharkey and Faber 2015). Part of this work emphasizes

! Though there is evidence that racial segregation between municipalitiesfeaséud (Logan and Parman 2015).
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to understand how people end up in places (Sampson and Sharkey 2008) and how (or whether
places change over tinfllen et al. 2012Firebaugh and Farrel2016 Logan 2016; Logan and
Zhang 2011)Concurrently, one overwhelming lesson to be learned from the subprime boom and
foreclosure crisis is that place is a salient unit of analysis for institutiottakge.g. mortgage
lenders) and that spatialleterminantinstitutional practices (e.g. redlining and reverse
redlining) can have dramatic, negative effects on racially isolated commsulikiams and
colleagues (2005 ppl182) argue that “the old inequality [in mortgage lending] helpedtmea

new inequality jn mortgage lending] possible” by creating and concentrating racialized
poverty—nsuring that the effects of the previous generation’s discrimination céorigard in

time (Pager and Shepherd 2008) and illustrating how the “hierarchy of pladesilitated by
institutional actors (Logan 1978)ndeed, mscent evidence connectsstoric patterns of
redlining to contemporary spatial inequalities (Aaronson et al. 206fLifjher motivating
exploration of the relationship between redlining yesterday andtpitezdlining today.

Mechanisms connecting pastdpresent in housing finanagequality

Three related mechanisms may explain the extent to which spatigliyized mortgage
inequality from the 1930s predicts contemporary inequalities in housing financendrigage
lending and foreclosure). The first is differential selection acrossodsmbgraphic
characteristics (e.g. race, income, and creditworthiness) into neighborhaoésateel by HOLC
appraisers as desirable or undesirable. Scholars have repeatedly shownstle wiaigh race
and income(both of individuals and places) shape mobility decisions, whiohaggregate-
tend to sort households into raciallgnd economicalbkgimilar neighborhoodsKfysan and
Bade 2009 Quillian 2012; Sampson and Sharkey 2008; South and Crowder 1998). Rdsesarch
also documented intergenerational ties to place as a factor in the reproductiortialf spa
inequality through sorting of families by race and socioeconomic statuské$hz008; 2013).
“[H]istorical patterns serve as causes in themselves” in explainengelection of individuals-
along dimensions of race and class—into neighborhoods (Logan 2016 pp25).

Relatedly, work exploring the causes and consequences of the housing boom aad bust h
illuminated the intersecting roles of individual and community characteristics apingh
subprime lending likelihood (Been et al. 2009; Hwang et al. 2015), foreclosure prog€hsity
et al. 2013; Rugh 2015; Rugh et al. 2015), and the lasting impact of market tumult on mortgage
outcomes (Faber 201Ahighlighting the inportance of racialized selection as driver of housing
finance inequalities. Therefore, we may observe higher income individudts stvitnger
financial histories choose to seek mortgage credit in neighborhoods previoesiseaisas A (i.e.
“desirable”) uler HOLC, while poorer individuals with low credit scores apply for loans in D
(i.e. “undesirable”) neighborhoods. If this is the case, we may expect loan appsica D areas
are more likely to be denied and be of lower quality (i.e. subprime) when approved compared to
applications for mortgages in A areas. This same differential selectignaisa lead to
disparities in foreclosure activity across HOLC grades if more finbyraialnerable individuals
originated mortgages in D areas. Such individuals may be more vulnerable to job loss, own
fewer financial assets with which to cushion unemployment, and/or be in a veekigon to
modify a mortgage to prevent foreclosure.

The second pathway connecting mortgage dispaatiessseras is the concentrati of
socioeconomic disadvantage and racial isolation that not only characterizedededli
neighborhoods duringfOLC implementation, but carried forward in tinfhe path dependency
of place and, specifically, inequalities between places means that gogstitement patterns
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present an obstacle to change because tdgacy of disadvantage that created minority
neighborhoods in previous generatioflsogan 2016) and the combined impact of that
disadvantage on the reputations that neighborhoods @amdeon 1999; 2011Besbris et al.

2015; Jones and Jackson 2012; Small 20B#OLC'’s institutionalization of the conflation of

race and creditworthiness laid the foundation for contemporary patternsrefaon Collins

and Margo 2011 Conley 1999 Jackson 1985Massey and Denton 1993jcCabe 2016;
Roediger 2006 Recent research corroborates this claim with evidence that the lines drawn by
HOLC appraisers exacerbatednd in some cases createrhcialized neighborhood boundaries

as well as spatial disparitiem housing values, credit scores, and homeownership rates
(Aaronson et al. 2017).

A wealth of research has documented the powerful role of neighborhood characteristics
in shaping housing finance outcomes during and since the subprime boom. Loan applicati
denial and subprime origination have been repeatedly shown to have been more pievalent
places characterized by low incomes and racial isolation (Faber 2017licBraf07; Hwang et
al. 2015; Hyra et al. 2013). Foreclosures were also more commogr@gated areas (Hall et al.
2014; Rugh and Massey 2010; Chan et al. 20@8psequently, lenders may hesitate to grant
mortgage credit in areas that suffer from both historical exclusion (i.e. dhbwhoods) and
contemporary disenfranchisement due togresumedor assessedjnancial risk of the people
living in those neighborhoods and/or weakness of the local housing market. When loans are
approved, they may be of higher cost (i.e. subprime) to balancedhisivedrisk. Again,
sociodemographic inequalities on the neighborHeedl may also lead to increased foreclosure
risk among borrowers in D neighborhoods compared to those in A neighborhoods through
mortgage characteristic disparities (i.e. higher prevalenderetlosureprone subprime loans)
or associated vulnerability to economic shocks (e.g. rising unemployment and pingnme
housing values during the Great Recession).

The third mechanism is discriminatiom the wake of civil rights legislation, the
pracices responsible for racial inequality in the housing market have shiftedtff@mow
illegal explicit exclusion to more subtle forms iafplicit exclusion and exploitation (Massey
2005; Sharp and Hall 20X4)a “decentralization” of racism (Cutler et al999) One
consequence of this change in tactics is the difficulty of assessing dist¢iomi(Rager and
Shepherd 2008). Absent, for example, plainly racist underwriting manuals empipieatibrs,
disparities in lending outcomes between black and white neighborhoods could be attributed to
the dynamics obkelectionor economic exclusion afommunities of color outline abov&itill,
scholars have repeatedly showacial dicrimination to be prevalent in housing and credit
markets (for reviews see Baldassarri and Abascal 2Bé&itrand and Duflo 2016; Pager and
Shepherd 2008 Racial discrimination driven by individual characteristics (e.g. mortgage
applicant race) may exacerbate housing finance disparities across H&d«d gireas caused by
differential selectionFor example, if blacks are more likely than whites to seek mortgages in D
neighborhoods and blacks experience discrimindtiaine mortgage approval procgsdasse
et al. 2016)we may observe worse aggregate outcomes in D areas compared to A areas.

Lacking the data necessarydasilyidentify explicit discriminationbased on placé.e.
“processbased redlining; some scholars have chosen instead to investigdtaming from an
aggregate perspective. “Outcofiba@sed redlining” exists when minority neighborhoods
experience worse mortgage application outcomes than comparable white neighborhoods
(Dymski 2012; Pager and Shepherd 2008; Ross and Yinger 2002; Turner 1999; Yinger 1997).
Adopting an outcombased definition of redlining igarticularly appealingn the context othe
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evolving public discussion regarding the importance of intentional housing discrimination i
shaping inequalities. Specifically, both the Texas Dept. of Housing and Communiixs Affa
Inclusive Communities Project, InSupreme Court decisiaffexas Dept. of Hous. and Cmty.
Affairs v. Inclusive Communities Project, In2015)as well as the U.S. Department of Housing
and Urban Development's 2013 rules interpreting the Fair Housing Act (HUD 2013) have
increased emphasis on the disparate impact of housing market dynamics,svdifebtively an
outcomebased understanding of the ways in which minorities are disenfranchised inrtife sea
for housing, including pervasive, ongoing discrimination at multiple stages in thé peacess.
Disparate impact (e.gempirically identified as “outcomebased” redlining) is a form of
discrimination regardless of intention (Pager and Shepherd .200&)ldtion to the immediate
impact of redlining (i.e. the difficulty of acquiring prime credit in excludethemnities) the
resultant, spatialiprganized reliance on subprime credit may interact with the concentration of
socioeconomic disadvantage to makdinedl communities particularly vulnerable to recession.
Such cumulative disadvantage has been shown to have clustered foreclosure activakyandla
Latino neighborhoods (Hall et al. 2015; Rugh et al. 20Mreover, black and Latino
neighborhoods malyave beeradditionallyvulnerable to the foreclosure crisis because mortgage
lenders treated these areas differewllying the foreclosure process (Chan et al. 20T3)e
spatial organization of the Great Recession’s temporally extended impacthaway ato
disproportionately harmed black and Latino borrowers and places (Faber 2017).

These three interrelated mechanispselection, segregation, and discriminatien
connecthe explicitly racist practices of previous generations, which were iaeghapatiallyto
disparities observed today, which remain geographically clustérid. rigidity of racial
disparities in homeownership, which remained effectively stable over the tendirethe
Twentieth Century (Collins and Margo 2011), is an important manifestatitre intransigence
of spatial inequalitySome take this even further, arguing that today’s lending practices, which
are ostensibly raeeeutral but still produce dramatic inequalities, are a direct continuation of
historical practices (Lipsitz 2009).

Data

My analyical strategy explor® variation across neighborhoods with different HOLC
designationsn multiple outcomes (i.e. mortgage application denial, subprime loan origination,
and foreclosure actions) and during three different time period2(G6 and 2015 for loan
application outcomes arzD07-2012or foreclosures In doing so, linvestigatethe persistence

of spatiallyorganized mortgage lending inequalities. | focus on these three points in time to
elucidate differences between dynamicsrtyitimes of crisis—both in terms of vulnerability to
exploitation (i.e. exclusion and subprime lending in 2006) and economic collapse (i.e.
foreclosures during thRecession}-and a period opostrecessiorstability (i.e. 2015)While

the first twoperiads are certainlyunique, 2015may be representative of things to comethas
housing market has recoverddderalprotections against predatory lending have been put into
place and the subprime lending that characterized the housing boom has disafpkattdet

al. 2015.

Redliningin service ofthe Home Owners Loan Corporation (HOLC)
Shapefile data describingHOLC neighborhood ratingsre made availabley the Mapping
Inequality Group Nlelson et al. 201%. The dataset includes the grades granted by HOLC

2| downloaded the most recent data at the time of this anahgsited July 7, 2017.
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underwriters fordozens otitiesand some surrounding suburxyoss28 states’ The samplés
dispersed across the country, with greater concentration in the Rustbelt amehisiort

In ArcGIS 10.0, | sptially join the HOLC layer with census tract centroids in order to
connect contemporary datasets organized on thelénzadt |1 only analyze census tradts
counties with at least once tragith a centroidthat overlag with HOLC-graded neighborhoods.
Within the municipalities evaluated lifie HOLC, appraisers provided grades for areas other
than industrial or commercial areas, undeveloped areas, farmland, or placeslydpalsup.”
Tracts thatwere within countiesassessed by HOLC though were in one of these land use
categories at the time of appraisal m&udes in the sample as “Not Graded”.

AlthoughHOLC boundaries do not perfectly align with contemporary census,ttaan
restricted by the fact that other datasets are organized by tracts. Because someettaptsiith
multiple HOLC areas, thesaignment ofHOLC grade to aract based orts centroid may
introduce noise intany analysesin supplemental analyses, | merge census blocks, which are
finer geographic units, to HOLC boundarigsd create several tratével aggregate measures
based orblock1evel dataFirst, | calculate the “average” HOLC score among blocks within each
census tract, in which A blocks are assigned a value of 0, B blocks 1, C blocks 2, and D blocks 3.
Second | calculate an average score weigbteach block’s contribution to the trdevel value
by the proportion of the tract’s land area represented by each Bluo#, | calculate the modal
HOLC grade among blocks within each tract. In all three of these measures, Vafes
indicate “lesglesirable’HOLC gradesFourth, | calculate the percent of blocks within each tract
that overlap with A, B, C, and D areas. Appendix taBli2sand A3present results from models
in which these measurese substituted for the tradével dummy variable approaciihese
results supporthe main findings of this paper, though | proceed with the-tezei dummy
variable approachecause it is easier to interpret

Home Mortgage Disclosure Act (HMDA)
Mortgagelending outcomes are assessed usihMDA, which contains information oreach
mortgage application received by lenders, including whether it was approvedadhef tthe
unit, and numerous other characteristics. In 2006, lenders were required towlagtberthe
loan had an interest rate three or more points above the federal TreasuryFR&ieing
previous research (e.8eenet al. 2008; Faber 2018 | use this variable to identify subprime
loans among approved applicatiafisl use HMDA data to calculate threspplicantlevel
measures: mortgage denial for both 2006 and 2015 (i.e. a dummy variable coded one if denied by
the lender), and 2006 subprime lendownditional on approvaji.e. a dummy variable coded
one if an approved mortgage qualified abmime zero if prime, and missing if the application
was deniejl

Because the HMDA dataset includes information about potential borrawevsll as the
census tract in which the housing unit is located, it can be used to explore the role of
neighborhoodselection in shaping application outcomésreate dummy variables faron-
Latino black, Latino, anchon-LatinoAsian® applicants as well as dummy variables identifying

% Appendix Table Al shows the number of HMDA sample observations by statefufidisa of cities in the

Mapping Inequality Sample, visit the project’s websitegs://dsl.richmond.edu/panorama/redlir)ing

* This reporting rule changed in 2009, so comparisons across time of theepeeval subprime lending are
difficult—though the subprime lending that typiithe boom disappeared after the collapse of the market (Bhutta et
al. 2015).

®While | exclude applicants that were either missing race or were categorizechasRate” for parsimony,

findings were substantively identical when | included them as sepai@al categories.
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female applicantghe presence of a @pplicantrefinance loans (compared to purchase loans),
and conventional loans (as opposedFtdA, VA, Farm Service Agengyor Rural Housing
Serviceloang. | calculate the natural log of the applicant’s income and the size of theteztjues
loan. The limitations oHMDA are welkdocumented. For example, it is missing down payment
size andoanto-value ratio, which shape loan outcomes (Turner 1999). Because HMDA lacks
these important applicant characteristics, it cannot be used to definitively gisoriminatbn
(Dymsky 2006). Still, HMDA remains the most comprehensive and pulaiciylable resource

for studying lending.

Following sampling procedures used in prior woeery et al. 2007; Been et al. 2008;
Faber 2013; Pettiand Droesct2008) | compute theseneasures among owner occupied, first
lien, one to fowfamily units. | exclude home improvement loans. My analytic sample includes
mortgage applications within census tracts with centraidisin counties evaluated by HOLC
and have full covariate data. @ie 3,219,400applications that were in counties wiHOLC data
in 2006 and 201%491,252are missing at least one variable within the HMDA dataset or are
identified as “other race”. An additional8 are missing-annie or Freddieataand256,591are
missing percentforeign born, orunit age Finally, 34,504are missing countievel change in
percent black.My final analytical sample contairis614,123nortgage applications in 2006 and
822,412 in 2015.

Table 1 displays descriptive statistics for the HMDA sample both years,most
mortgage applications were for units in C neighborhoods, wrdteal minority of applications
were in A neighborhooddistorically, few neighborhoods were given A grades (Jackson 1985))
The percentage of applications for either of the “desirable” areas (i.eBAwas higher in 2015
than in 2006, which is consistent with the fact that the applicant pool was whiter and more
affluent in the latter yeamDenial was reer in 2015 than in 2086in part because applicants
were more likely to be white and had higher incomes on aver&f&l b The neighborhoods in
which applicants were seeking loans also had fewer minority residents in 2015 than iRH2006.
2006 sample was much larger than the 2015 sample, which is indicative of housing emadket f
during the subprime lending boom. The high minority percentage is a function of the faoethat t
census tracts defining this sample drgproportionatelywithin cities, which tend to be more
diverse than the country as a whole (in no small part because of HOLC and othes,pshaid
facilitated white flight from cities throughout the Twentieth Century (Jacki©85)).l explore
this in more detail below.

[Tablel]

RealtyTrac
In addition to exploring mortgage application outcomes, | evalufierehces across HOLC

gradesin foreclosure activityn theGreat RecessionsingRealtyTrac datawhich includesthe
address and date of every foreclosure betweery 200 202 | geocode every saential
foreclosure noticer “pre-foreclosure’(i.e. either a notice of default or a lis pendears) match

® Applicants in D areas have slightligher rates of missing data @J compared to C (2%), B (8 %), and A

23%) areas. Notwhite borrowers in HOL&lefined areas are also mdileely to have missing data (24 among
Latinos, 16% among blacks, and #hamongAsians) comparedtwhites (13%). It is difficult to speculate as to the
direction of any bias introduced by missing data. However, the dengiégtén 2006 and 2015 as well as the
subprime gradient in 2@0were in the same direction among observations with and withosingidata (i.e. denial
and subprime origination were more likely in areas graded below Aefbiney | do not believe my main findings
are threatened by missing data.
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it to the tract in which it occurred. | then sum forecloswgcesat the traclevel. 1focus on the

first sign of financal distress in the dataset and do not allow individual units to count more than
once if they progressl throughmultiple steps othe foreclosure process (e.qg. if the household
received a foreclosure notice and was then dmdpuse of the wide heterogépen the time
between initial notice and the end of the process driven by state policy (Mian et gl. 2015
Finally, I divide the number of foreclosures within a tract by the number of housiisgruthat

tract to calculate a foreclosure rate.include both rented and owned housing units in the
denominator because there is no way to determine tenure in the foreclosure dataset.

My tractlevel sample includsetracts with centroids withisounties appraised by HOLC
andwith full covariate data. Of th&3,006tractsin counties with HOLC date882 are missing
covariate dataMy final analytical sample contairi®,124census tracts acro&8 states. Tabl@
displays descriptive statistics for the samplieans deviate slightly from those in the HMDA
sample because the unit of analysis is the census tract rather tk@anthpplicantl discuss the
representativeness of these tracts in detail below.

[Table 3

Sociodemographic and housing conditions

| pair the data above with additional covariates to more fully account for two of the pbtenti
mechanisms connecting redlining yesterday to redlining today: selectiortcamie@mporary
socioeconomic disadvantagedo so not to identify a causal relationshipveen HOLC grades

and contemporary outcomes, but to explore the extent to which correlations between these
phenomena may be driven by continued economic inequalities between places and Iladividua
Although there are no publicly available data describing the credit conditionsod§age
holders on the census tract lev@leddie MaqFreddie Ma?2014) and Fannie Mae (Fannie Mae
2014) provide estimates of variation in the creditworthiness of mortgage ayploathe ZIP3
level(i.e. the first three digitef a zip code). | use a crosswalk file provided by HUD to match
census tracts to these larger units and calculate the percentage ofooeumed, 14 unit
properties acquired by either institution that were first time homeowners, ttiameredit
score and the median loao-value ratid (LTV) in 2006 and 2015. While adapting ZHRSvel

data for traclevel use is imperfect, these data providgight into how borrowers of varying
financial histories are selecting into neighborhoods characterized leyediff HOLC grades,
which is reflected in improved model fit when predicting loan outcomes.

Better data exist to measure geographic disparities in socioeconomic diagdyavtiich
may dissuade lenders from granting loahalculate tractevel percent black, Asian, and
Latino® using American Community Surveyygar sample data for 20909 and 2012015
from the National Geographic Information System (NH@B)nesota Population Center
2011). | also use NHGIS to calculdtee percent of eactract that is foreign borrthe median
age of housing units, and the percent of units built before-1839 latter twoare measurs of
housing quality’ These covariates reflect the fact th4OLC appraisers were considerably

" For Freddie Mac data, LTVs below 6% and above 105% were excluded, while éhmsedbo and greater than
97% were excluded from the Fannie Mae dataset.

8 Measures of racial makeup were normalized so percent white, black, Asidmtarmdsummed to 100% of each
tract’s populéon.

°| attempted to include tractlevel measuref household income, bittwas too strongly correlated with mortgage
applicant income to avoid multicollinearity problems.
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occupied with the demographic characteristics of the neighborhoods they were gsadticas

the strength of the local housing market (Jackson 398S)are contemporary mortgage lenders
(Chan et al. 2013; Faber 2017; Hwang 20Fmally, | incorporate countjevel unemployment
rate from the Bureau of Labor Statistics and metropolitansttal aredevel housing price
index (HPI) from the Federal Housing Finance Agency for 2006, 2010, and @bly, |
would be able to measure sociodemographic change on the neighblaveldoetween the time
when HOLC was evaluating neighborhoods &oahy, but those datare not publicly available

in digital form™° In lieu of such data, | leveragmuntyfevel change in percent black between
1930 and 2000 from NHGIS as astimateof demographic change.

Methods

My methodological approadbk purely descriptive, as causal analysis of the {@mg impact of
HOLC grades on neighborhoods would likely be impossible given data limitations. Tihaf goa
theseregression is to explore the stability over time in the spatial organization of institatio
marginalization angotential mechanisms connecting past to present.

| estimateeach of theHMDA outcomes (i.e. subprime lending in 2006 and mortgage
application denial in 2006 and 2015) using logistic regression. Loan application outa@nes
measurd as a function of HOLC grade (i.e. dummy variables for B, C, and D neighborhoods
with A neighborhoods as the reference category), applicant characsefests. race and logged
income); loan characteristics (e.g. logged loan sizalt tcharacteristicge.g. percent black)
ZIP3-level median LTV, percent first time homebuyers, and median credit scamty-dtevel
unemploymentand change in percent black between 1930 and 2000; andI&8AHPI.
Covariates areneasured contemporaneously (e.g. | use 2006 measures of unemployment and
HPI when estimating the 2006 subprime lending rate). The 2006 madedstimated using
20052009 ACS data while the 2015 models include120@15ACS data.l include dummy
variables for census regi@nd whether the tract wagthin a central city. fandard errorgre
clustered at the tract.

Foreclosurgatewithin tracts between 2007 a2@12is estimated as a linear function of
HOLC grades, the mortgageniding conditions i2006(i.e. characteristics of the loans at risk of
default), as well as labor and housing market dynamics during the ¢risisthe potential
exacerbating conditions). Specifically, | use 2006 HMDA data to calculateldxadtpercent
minority, average applicant incomendaverage loan amourdnd 2006~annie and-reddie @ta
to calculate ZIP3-level median LTV, percent first time homebuyers, and median credit score. |
use 2010 BLS data to calculate the codetyel unemployment rat2010 FHFA data for the
MSA-level HP| and 201-2015ACS tractlevel data forracial makeuppercent foreign born
and median unit age. Because subprime lending during the housingvizmanpredictor of
foreclosures during the recession (Hernandez 2012), models of foredlamsa&so include a
tractlevel measure of subprime lending in 20§énerated from HMDA dataAs in HMDA
estimates, foreclosure models include dummy variables for census asgiomhether the tract
was within a central cityStandard errors are clustered by county.

[Figurel]

1% Although NHGIS does provide some trdevel data from the 1930 Census, it is only for a relatively small
number of tracts and tract boundaries have changed dramatically in thenimgrdecades. Aaronson et al. (2017)
generated measures of neighborhémabl demographic and housing characteristics for the period before HOLC
implementation, though they relied on private data to do so.
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Results

Long termstability inthe spatial organization of housifigance inequality

Figure 1displays the central findings of this projedecadesafter HOLC redlining housing
financeoutcomes remaidramatically different betweef neighborhoodsind thosewith lower
grades. Beginning with lending during the housing boom (Panels A and B), mortgage
applications wereapproximately 10%more likely to be rejected and approved loans were
approximately 15%nore likely to be subprime iB neighborhoods tham A. Almost a decade
later, substantial disparities in mortgage denial persishedigh were less severe than during at
the peak of the markdgPanel C).Finally, panel D indicates thateighborhoodswith less
desirable HOLC appraisals were also most impacted by the foreclossise in intervening
years.

[Figure 2]

Figure 2 displays the rates at which individuals of each racial/ethnic gpmliedafor
mortgages in each HOLC grade in 2066he most striking difference across groups is in A
areas: approximately one in 10 wehiapplicants were seeking loans in the highest rated areas,
compared to one in 20 blacks and Asians and or® ibatinos. Whites were alsouch moe
common in B areasThe stark nature ofhese differencesall of which are all statistically
significant—is not surprising given the literature on neighborhood prefereri¢gsan and
Farley 2002, the racial dynamics of neighborhood selection (Sampson and Sharkey 2008), and
racial steering (Turner et al. 2012)hese resultsuggest that m@alized processes of selection
may shape housing finance outcomes across HOLC areas. Specifically, the dispraigor
presence of newhite mortgage applicants in C and D areas may help explain the higher denial
and subprime lending rates in these sam@gjiven racial disparities in income and wealth

Table 3 shows racial and selected socioeconomic characteristics for all censum tract
my analytical sample, tracts in each HOLC grade, and the United States asaGshelstent
with the mortgageapplicant demographics, A tracts hkdger white populations, while D
neighborhoods had much larger black and Hispanic popula#gdicant incomes were also
highest in A areagCensus tracts overlapping with C and D areas are more likely to be located in
central cities and had dramatically higher subprime lending rates atitiie bethe housing
boom. Dfferences were statistidglsignificant andare consistent witlhesarch on the long term
impact of HOLCon neighborhood disadvantage (Aaronson et al. 2017).

[Table 3]

These patterns are an important reminder of the racialized processes that facilitate
segregation (Friedman et al. 2013) and a manifestation of the stability dfisatdion. The
places that were predominantly white in the 1930s (and were rewarded for beinghso wi
desirable HOLC ratings) are still so today. Conversely, neighborhoods wita Hagk
populations in the early Twentieth Century (and were punished for being so with C and D
ratings) are still predominantly nemhite today. These patterns are important context for
interpreting the acro9dOLC differences explored throughout the remainder of this manuscript

M The pattern was substantively identical in 2015, though members ofjeaghwere slightly more likely to apply
for mortgages in A and B areas.
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as the temporal stability of spatial inequality a potential mechanismonnecting mortgage
disparities across eras

[Table4]

What connects past to present in mortgage lending?

So far | have establishedubstantive and significant disparities in contemporary mortgage
application outcomesicross HOLC gradesThis subsection presents regression estémaif
these relationships not as an attempt as establishing a strict, causal relatibnsrapan
exploration of potential mechanisms connecting redlining during the H@hGoenequalities
observed today.

Table 4 displays selected results from logistic regression estimates of geortga
application outcomes in 2006 and 2015. Results are presented as odds ratios (i.e. exponentiated
coefficients). The first column, which predicts mortgage application denial in 2006 based on
HOLC grades and region, reflects the disparities shown in Figure 1:keddhdod that an
applicant was denied rose from tracts graded A to those graded D. Pdientavers were
approximately 6% more likely to be rejected by lenders in meighborhoods than A
neighborhoods. Denial was also more likely in ungraded tracts within countieseals$ss
HOLC appraisers

Column 2 shows that much of the variation across HOLC grades can be attributed to
mortgage applicant heterogeneify.e. differential selection across neighborhoods). The
magnitude of the oddstios for the HOLC dummies fejlet retained significance, with denial
36% more likely in D tracts than A tracts. The relationships between applicarmictdrastics
and denial were in thexpecteddirections. Denial was more likely for blacknd Latine, less
likely for females, and declined with incomé&he predictive strength of HOLC gradesakened
further once ecological characteristics were added to the maoehccount for the rolefo
contemporary spatial inequality in shaping mortgage outcomes (ColurRat8intial borrowers
in D areasfaced 31% higher likelihood of rejection than those pursuing loans in A
neighborhoodsDenial wasalso more likely inungraded areaand citiesas well asareas with
larger minority populationandhigher unemploymenDenial was less likely in areas withore
immigrantsandstrongerhousing markets.

The fourth through sixth columns show stronger relationships between HOLG gratie
subprime originatn conditional on approval at the peak of the housing boom. On average,
subprimeoriginationwas 257®6 morelikely among borrowers in D areas when compared to A
areas. As with denial, borrowselectionand ecological characteristics accounted for a large
portion of this relationship, though the disparities between A and D areas remaimédasig
and substantively meaningful upon addition of contrdBorrowers in D areas were
approximately79% more likely than those in A areas to originate a subprimedttar including
theseadditional factorsWith few exceptions, the coefficients for covariates were in the same
direction as those in the model predicting denial.

A different pattern emerged in 2016n average, areas marred by HOBR@praisers
remained at a disadvantagetins relatively stable housing markéough disparities were not
as stark as in 20066denial was37% more likely in D areas than A areas 2015 The
differences between these two time periods is likely due to the fact that necafgalgcants were
much wealthier in 201%Table 1) which is in no small part because the credit market tgiate
up in the Great Recession’s wake (Faber 20dytgage applicant selectionto neighborhoods
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explained most, but not all, of the difference between the highest and lowestreste @ace
ecological characteristics were added to the mdumiieverthe relationship between denial and
“less desirable” HOLC gradésst statistical significanc®

[Figure 3]

Because HMDA provides the race of the mortgage applicant, | am able togatesti
heterogeneity in the relationships between HOLC graddsaaplcation outcomes. Figure 3
displays marginal effects from logistic regression models estimating eachAHMIEzome
interacting borrower race and HOLC deg(i.e. denial in 2006 in Panel A, subprime origination
in 2006 in Panel B, and denial in 2015 in PanelT@esemodels include a full set of covariates.
The clearest pattern across all three panels is the substantial disparégrbbtack and Latino
outcomes on one hand and white and Asian outcomes on the other. The former two groups were
much more likely to be denied housing credit in both time pem@odsmore likely to originate
subprime loans, which is consistent with prior research (Faber 2013; 2017).

Within each racial/ethnic group, prospective borrowers generally fared wo@sand D
neighborhoods compared to A and B areas, though there wasdezteity across groups. For
example, the Ao-D gradientfor denial was steeper among whites compared to blaakd
Latinosin 2006, while the opposite was true in 2015. Differences within racial groups and across
both year andHOLC areas in applicant financial resources may exglanresults from these
interacted modeld$-or examplethe incomes of black and Latino mortgage applicants in C and D
areas were much closer to those of white applicants in 2006 than inT2@LEatio of blacko-
white applicant income in D areas was 0.68 in 2006 and 0.54 in ZB&5Latineto-white
income ratio in D areas also fell from 0.87 in 2006 to 0.56 in 2A@Xanilar pattern exists in C
areasSo to the extent that income inequality between racial grougs teanortgageenial rate
disparities between groups, the much smaller gap between white and black or Latmeitsorr
in 2006 may be driving the difference in racialized patterns across samples.

The difference in income inequality may also correlate with differences inaligeg
along other measures of financial healttsent from HMDA(e.g. down payment size, credit
score, etc.) between 2006 applicants and 2015 appli€axt&al heterogeneity in the relationship
between HOLC grade and subprime likebd in 2006 was similar to denial likelihood in 2006,
perhaps because of the same increase in financial similarity between white andrlatko
borrowers across gradeSo variation between samplesimraracial income distributios and
selectiondifferentiatedby income help explain heterogeneity in gpatial patterns of mortgage
application outcomes. Still, within no HOLC grade are the outcomes between whitesiand A
borrowers comparable to those of black and Latino borrowers.

The results presented so far show ladigparitiesacross HOLC grade and mortgage
applicant raceDifferential selection and the relative disadvantagdistorically redlired areas
both played large roles in shaping differences in mortgage ouscacress HOLCgrades;
however, there was a residual correlation between HOLC grades and 2006 ouftbenes
selection of people of color into C and D areas may exacerbate racial inegualiti

[Table 6]

2 Though the measures of HOLC gragneated from census block&ppendix Table A2) show a persistemtd
significantrelationshipbetween C and D grades and application denial in 2015.
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Foreclosures

Not surprisingly, given disparities in mortgage outcomes across HOLOhdéseigs tractsin A
areas hadbwer foreclosure ratethan tacts in areawith less desirablgrades Table6 presents
results from lineaestimatef the number offoreclosurenoticesper housing unibetweer2007
and 202. The first column indicates that, on average, D areas experisigreficantly higher
foreclosure ratethan A areasConsistent withFigure 1, the coefficient for C areas was higher
than that for D areas, though the two were not significantly distinguishable foimoteer.

As with the models of mortgage application denial in 2@4&,disparitiesacross grades
were driven by borrower selection into neighborhoods as welc@semporary racial and
economic isolationThe percent of mortgage applicants who were-white in 2006 was
positively and significantly correlated with foreclosuaetivity, while borrowe income was
negatively soThe prevalence of subprime lendiaghong 2006 borrowers had a strong, positive
relationship with subsequent foreclosurgsveral ecological markers of disadvantage \aése
positive predictors of foreclosure (i.e. percent black, percent foreign born, and uyreemip

As with the loan application outcomes, the pooled results mask important hetegogeneit
Unfortunately, RealtyTrac data do not include information on the race of the netghter.
Figure 4 displays margah effects from modelwith 95% confidence intervats foreclosure rate
interacting neighborhood racial majorfiye. if a racial group makes up at least 50% of a tract’s
population)and HOLC gradé® Several notable patterns emerge from this figure fitse of
which is the relationship between HOLC grades and foreclosures within tyajak tractsin
stark contrast to the main findings, foreclosures were highest in A Besamise of this, the gap
between predominantly black neighborhoods and oftteghborhoods was largest in these
places.Although this may seem surprising, it is in line with prior research documenting the
unique vulnerability of relatively affluenffrican Americanindividuals and neighborhoods
during the housing boom and busthich were often targeted by sarupulous lendersecause
of their financial assetAnackeret al. 2012; Faber 2018acy 2012;Rugh and Massey 2015).
Indeed, the 2006 subprime lending rate was 59% in A tracts that were predominantly black,
compared to 26% in mixed A tracts, 20% in Latino A tracts, and 14% in white A tfdes.
subprime rateleclinedfrom A to D among black tracts (to 27%), while itiaased for all other
tracts(to 28%, 20%, and 18% in Latino, mixed, and white tradis¢ second important finding
is that although differences between black and white tracts sfthiakgh remain significant)
from A and B to C and D areabge differene between Latintractsand white tracts grow3.he
only significant differences between predominantly Latino and white aretatj are within the
lowest two grades.

Together, these results indicaieat overall, areas redlineith the 1930s were most
vulnerableduring the foreclosure crisisvost of this disparity was driven by racially and
spatially disparate lending practicasrichg the subprime boom and the concurrenhemporary
sociodemographidisadvantages of C and D are@ke few placesdentified as*desirablé by
HOLC appraisers that also had blackjoniéies in the early Twenty #st Century fared the
worse.

[Figure 4]

3 These models include the full set of covariates from Table 6 except for ceruadial makeup, which is
operationalized nonlinearly as majority race. Because there were too few censusitredsian majorities, they
wereincluded in the “Other” category.
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Discussion

This project exploreshe persistence over a long period of time in the spatial organization of
housirg finance inequality. Brrowers in the early Twenty First Century were at a severe
disadvantage when puiag mortgages neighborhoods deemedridesirablé by the HOLC in

the first half of the Twemtth Cenury. Specifically, mortgage applicants at the height of the
housing boom (i.e. 2006) were approximately 69% more likely to be denied a lo@&b&ad
more likely to receive a subprime lodrapprovedfor units inD neighborhoods compared, on
average, to those iA areas.n 2015, well into the housing market’s recovery, applicant® in
areas still faced a substantial%, disadvantage the likelihood of approvabn averageln the
intervening years, foreclosures were much more comma@ntmacts.This constitutes evidence
that those places redlined yesterday still fateutcomebased redlining” as well as “reverse
redlining” in more recent years

Neighborhood selection differentiated by applicant race and ineoneeged as a driver
of disparities across HOLC designatiensspecially in 2015 However, it is crucial to
understand selection patterns as stratifying processes themselves, eatlsaidly astatistical
nuisance—especially considering the highly segregated resideritiattare in which mobility
decisions are mad&rysanand Farley 2002.ogan 2016; Sampson 2008, Sampson and Sharkey
2008) Whites were approximately twice as likely as +wdmtes to apply for mortgages in A
areas (i.e. the areas that were historically ared for being predominantly white with
affordable mortgage credit). To the extent that lenders still carry favoraées vof A
neighborhoods, which also have more than double the white population (as a percentage of total
population) as D neighborhoodde impact of segregated selection may carry forward as a
cumulative disadvantage in the accrual of wealth among people of color (Rugh et al. 2015)
These results emphasize the central role of place in facilitating racial exchrsioprovide
evidenceof redlining

The concentration of socioeconomic disadvantage in B, C, and D neighborisods
explains somef the relationships betweerontemporaryoutcomes and HOLC'’s legacWe
must however, contextualize these results within the history of housing exclégtabuting
the inequalities across HOLC areas in foreclosure and lending activity to thenusgtial
distribution of the poor and people of color is precisely what HOLC appraisesiag when
evaluating neighborhoodsa practice we have since determined to have been .racist
Furthermore, contemporary racial inequalities are a direct consequerstarsfc policies,
includingHOLC, and part of a long trajectory of structudigenfranchisemenféronson et al.
2017;Massey and Denton 1993jixating on racial (and spatial) disparities in asset wealth, for
example, as justification for unequal outcomes is the equivalent of telling blackasind
borrowers “We can’t give you a loan today because we’ve discriminated agagmsbers of
your race so effectively in the past that you have not been able to accumylaguéy from
housing to pass down through the generations” (Lipsitz 2009 pp14).

Still, I show that somdisparities across HOLC grades persisted efeam controlling for
measures of selection and segregatiavhich raises the question of discrimination
Unfortunately, my data are insufficient to identify specific instancetisziriminationorganized
around race or place. Howevelyen the evidence ofacial biasby multiple actors in the
housing market—including predatory and exclusionary lending (Hanson et al 20 E&y\Masl.
2016;Powell 2009; Munnell et al. 199@acial steerindMassey and Lundy 200Turner et al.
2012) and differential treatment of borrowers facing foreclosure in communitieslaf (Chan
et al. 2013}t is difficult to dismiss discrimination as @ntributor to these result®erhaps
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more importantis the argument that disparate impact, regardless of intent, is a form of
discrimination(Pager and Shepherd 2008).

Although the fact that the places that were disenfranchised yesterdainrso today
may be expected in a regime of inequality that itkilbhange over time (Logan 2016), the
stability of the social meaning of place facilitates segregation and assodiapadities in
opportunity (Chetty et al. 2014; Sharkey and Faber 201 .housing market not only provides
most Americans their primgrvehicle for wealth accumulatiorCénley 1999;Flippen 2010;
Friedmanet al. 2013; Taylor et al. 2011), buaccess to other spatialbrganized goods and
services, such aguality schools, employment, and s@fe(McCabe 2016 Sugrue 2005;
Williams et al.2005). The overlap between racial isolation and patterns of mortgage exclusion
helps explain persistent inequalities in these arenas.

When passed, HOLC facilitated residential and class mobility for many white
households, while largely excluding people and communities of ¢dkmkson 1985). The
segregated neighborhoods and avenues for asset accumulation created byoH@DILE@ to cast
a shadow on contemporary mortgage markeedatedly, evidence of the temporal stability of
the geography of creditwoitiess supports arguments that efforts to empirically assess the
presence of discrimination in the contemporary mortgage market may obfuscaigddability
of historicdiscrimination (Hernandez 2012; Lipsitz 2008hese findings also support calls for
broadening the analytical frame used to understand racial stratification tdandstitutional
processes (Krivo and Kaufman 2004).

This project is not witbut limitations. Because of data and methodological limitations, |
am unable to provide evidence afstrict, causal relationship between HOlappraisalsand
contemporarymortgage outcomes. For example, neighborHewdl characteristics araot
publicly available in electronic forrfor the period before HOLC implementatid@imilarly, data
limitations preclude me from attributing these patterns to discriminatidDA is missing
information that may be correlated with race and/or neighborhood selection processks,
manifest as disparities across HOLC ar@xgmski 2006) However, the results presentkdre
still carry importance-particularly in light of recent developments in fair housi@gecifically,
as legal and policy communities debate the importance of intentionality behind ttieegrdtat
result in unequal housing outcomes (HUD 20Téxas Det. of Hous. and Cmty. Affairs v.
Inclusive Communities Project, In2015),it is important to continue to document the ways in
which inequality is reproduced anspatiallyorganizednarket(Hernandez 2012).

The sample of census tracts and mortgagaeagins within those tracts analyzed in this
paper are not meant to be representative of the country as a whole. As shown 8) Treyleare
poorer, more urban, and more racially diverse than the United States. However, thee uniqu
characteristics of thenalytical sample, whichmay have been directly caused BOLC
(Aaronson et al. 201730 not detract from the findings presented hdi@s goal of this project
was not to draw identify causality, but to descriptively investigate thesparse of ineqality in
housing financeand present evidence suggestive of the mechanisms connecting outcomes over
time.

While | focused on households puirsg mortgage credias well as those who were
already holding home loans (i.e. those at risk of foreclofigedse this was the segment of the
population directly affected by HOLGny analyses ignore rentefBhough racial segregation
tends to be more dramatic among owners than renters (Friedman et al.t&i31@dpulation
may also be affected by the influence of a racially and spatially organmaeticp. For example,
it is possible that the housing finance practices documented in this manasswipimit the
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options of those seeking to purchase buildings with the intention of renti@gand D areas

This, inturn, could manifest as lowguality rental units Additionally, if HOLC appraisals
affected the intergenerational transmission of cultural capital related toagertrquisition

(e.g. by fostering and segregating norms of homeownership in A ameasamplemay be
excluding households that do not know how to buy a home but have the financial capacity to do
SO.

Despite these limitations, this paper has important implications for our undergtandin
spatial stratification and how that manifests as racial inequdlitg connection between
persistentmortgage exclusioandthe prevalence of subprime lending at the peak of the housing
boom (as well as the other measures of housing fingmodibition) supports spatial void
theories of financial servicasequalities(Gramlich 2007; Hernandez 2012; Squires 200%e
spatial manifestation of institutional marginalization, therefore, can lead tongrgence of new
forms of exploitation which—in a segregated sociefcarry racialized consequences
(Hernande 2012).

Similarly, these findings illustrate the role played by institutions in shaping iligqua
Private financial institutions, in partnership with the federal governnpdaxted neighborhoods
on different trajectories almost a century ago basedrge lpart on the presence of black
residentgJackson 1985)Lines drawn by HOLC appraisers segregated wealth from poverty for
generations Aaronson et al. 2017; Conley 1999; Massey and Denton 1993) and cotdtinue
structureopportunityin a racialized mannefhe communities that were explicitly discriminated
against for having black residents in the 1930s are still disproportionately home tatyminor
residents.

It is crucial to recognize the substantial role that public policy played in shiapirsing
inequality—includingthe institutionalization of redlining via HOLC. Disrupting these patterns
may require as expansive an effort on behalf of the federal governnageagregatand close
racial wealth gapsMore broadly, these findings suggest that policies purporting tonadva
marketbased solutions to social problemsust considerthe ways in which markets can
perpetuate racialized inequality (Dymski 1999; Hernandez 2012).

While breaking a cycle of disadvantage that has lasted (at least) close to a ceatury is
particularly difficult challenge, building an understanding of the temporal rigidity tbie
economic organization of neighborhoadsa crucial research taskhis paper showshat the
geographic patterns of vulnerability to exclusion and exploitation are remark&ile and,
perhaps, that the cumulative impact of opportunity deprivation may be particulavgtedtt
during periods of dramatic change. These findings help agxpthe intergenerational
transmission of context (Sharkey 2008) and a potential way in which historical patfgioste
over time (Logan 2016)}-fundamentally challenging the idea of Anuaias the Land of
Opportunity.Given the path dependency that explains much of the uneven development that has
long characterized metropolitan areas, a key challenge is how to interueagsithat will alter
longstanding patterns.
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Figure 1:Average mortgage application outcomes and foreclosure rates by HOLC grade
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Figure2: HOLC tract selection by race of mortgage applicants in 2006
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Figure3: Marginal effects from logistic regression estimates of mortgagécation outcomes interacting applicant race and
neighborhood HOLC grade
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Figure 4: Marginal effects from linear regression estimatésretlosure activitynteracting
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Table 1: HMDA analytical sample descriptive statistics

2006 2015
Std. Std.
Mean Dev. Min. Max. Mean Dev. Min.  Max.
HOLC Grade
A 0.043 0.202 O 1 0.068 0251 O 1
B 0.139 0346 O 1 0.155 0362 O 1
C 0.323 0.467 O 1 0.265 0442 O 1
D 0.157 0364 O 1 0.128 0334 O 1
Not Graded 0.339 0473 O 1 0.384 0486 O 1
Application Outcome
Denied 0.409 0492 O 1 0.321 0467 O 1
Subprime 0.265 0441 O 1 0.044 0205 O 1
Applicant Characteristics
White 0.518 0500 O 1 0694 0461 O 1
Black 0.263 0440 O 1 0.105 0306 O 1
Asian 0.050 0.217 O 1 0.086 0280 O 1
Hispanic/Latino 0.170 0376 O 1 0115 0319 O 1
Female applicant 0.406 0491 O 1 0.347 0476 O 1
Applicant income $1000s 94.058 133.609 1 9844 126.726 185.227 1 9866
Has coapplicant 0.783 0412 O 1 0.671 0470 O 1
Loan Characteristics
Loan amount ($1000s) 242.637 241.596 1 24000 310.638 334.496 1 35000
Refinance 0.594 0491 O 1 0525 0499 O 1
Conventional 0.965 0.184 O 1 0.794 0404 O 1
Ecological Characteristics
% Black 28.172 32.082 0 99.4 14546 22229 O 100
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% Asian 6.109 9630 O 88.3 7.543 10.642 O 91.4
% Latino 19.914 24.274 0 99.1 16.469 20.696 O 100
County unemployment rate 5.126 1.088 285 838 5.489 1.074 3.21 10.2
HPI 222.683 58.400 131 326  209.200 51.186 119 341
Median credit score 719.428 17.184 O 771 760.302 19.332 O 785
Median LTV 70.661 10572 0 825 73546 9510 O 90
% First time buyer 10.978 6.138 O 36.4 51260 11.250 O 83.3
% Foreign born 16.677 15917 O 100 17.031 14229 O 82.4
Median unit age 53.360 12.186 1 67 58.030 14.815 6 75
County Change in % black (1930-200C 13.880 11.784 -13.5 46.7 11.782 10.478 -13.5 46.7
Central city (defined by Census) 0.691 0462 O 1 0658 0474 O 1
Region
Northeast 0.290 0454 O 1 0.290 0454 O 1
Midwest 0.367 0482 O 1 0.307 0461 O 1
South 0.129 0335 O 1 0.131 0338 O 1
West 0.214 0410 O 1 0.271 0445 O 1
1614123 822412
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Table 2: Foreclosure analytical sample descriptive statistics

Mean Std. Dev. Min. Max.
HOLC Grade
A 0.04 0.19 0.00 1.00
B 0.13 0.34 0.00 1.00
C 0.33 047 0.00 1.00
D 0.20 0.40 0.00 1.00
Not Graded 0.30 0.46 0.00 1.00
Preforeclosures rate 0.04 0.05 0.00 0.66
Aggregate borrower characteristics
% Minority among loan applicants 47.61 32.27 0.00 100.00
Avg. loan applicant income 86.04 59.03 9.00 1768.00
In(Avg. loan amount) 5.26 0.73 271 7.88
2006 subprime lending rate 27.23 27.07 0.00 302.00
Ecological Characteristics
% Black 27.31 31.74 0.00 99.56
% Asian 7.38 1151 0.00 89.55
% Latino 20.86 25.18 0.05 100.00
% Foreign born 19.21 17.24 0.00 82.45
Median unit age in 2015 61.45 13.40 6.00 75.00
Median credit score 758.49 20.12 0.00 785.00
Median LTV 52.66 12.47 0.00 83.33
% First time buyer 73.25 10.49 0.00 90.00
County Change in % black (1930-2000 14.40 11.76 -13.49 46.68
HPI 203.21 49.52 119.14 340.62
County unemployment rate 10.30 1.90 5.65 17.29
Central city (defined bZensus) 0.75 043 0.00 1.00
Region
Northeast 0.37 048 0.00 1.00
Midwest 0.32 047 0.00 1.00
South 0.12 0.33 0.00 1.00
West 0.19 0.39 0.00 1.00
Observations 12124
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Table3: Tractlevel, racial andocioeconomic characteristiog HOLC grade and for the entire country as a whole
Avg. mortgage

applicant
In central income Subprime
Tracts % White % Black % Asian % Latino % Homeowner city ($1,000s) rate '06

Entire sample 12124 46.53 27.31 7.38 20.86 47.64 75.37 86.04 27.26
HOLC grade

A 473 72.96 15.54 5.68 7.56 69.46 64.48 144.70 14.92

B 1605  55.63 25.03 7.43 13.97 53.88 77.26 98.18 23.01

C 3959  40.83 28.15 8.57 24.55 43.43 79.49 78.02 29.67

D 2405  30.95 37.31 6.59 27.49 34.87 86.86 84.34 31.45
Not Graded 3682  55.48 22.38 6.80 17.28 54.98 64.01 82.94 25.38
United States 72539 62.95 13.51 4.50 15.91 63.28 41.61 94.13 0.24

#2006 applicant income and subprime lending rate for the United Statdatel@mong the 51,256 census tracts in the HMBaskt
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Table4: Selected results from logistic regression estimates of mortgage applicatiomesitc
Outcome: Denial ir2006

Outcome: Subprime in 2006

Outcome: Denial in 2015

Model1 Model2 Model3 Model4 Model5 Model6 Model7 Model8 Model9
HOLC Grade
B 1.320%*  1.143** 1.146** 1.772** 1.459*** 1.450** 1.142** 995 .968
(.046) (.024) (.020) (.102) (.049) (.045) (.025) (.019) (.018)
C 1.570%=* 1.291** 1.260*** 2.449*=* 1.828** 1.728*** 1.314** 1.053** .985
(.051) (.025) (.021) (.131) (.058) (.051) (.027) (.020) (.017)
D 1.689*** 1.364** 1.316*** 2.572** 1.788** 1.701*** 1.365** 1.113*** 1.013
(.058) (.028) (.023) (.144) (.061) (.054) (.033) (.023) (.020)
Not Graded 1.341%=* 1.212** 1.245** 1.765** 1.569** 1.593** 1.199** 1.024 .988
(.044) (.024) (.020) (.095) (.050) (.047) (.024) (.019) (.018)
Borrower Characteristics
Black 1.728%**  1.344** 2.908*** 1.843*** 1.958*** 1 572%**
(.012) (.010) (.029) (.020) (.018) (.017)
Asian .998 .985 JT62%x 793 rxx 1.182%*  1.120%**
(.011) (.010) (.016) (.014) (.013) (.012)
Latino 1.375%*  1.224** 2.297** 1.679*** 1.461%*  1.289***
(.010) (.009) (.025) (.018) (.013) (.012)
In(Applicant income $1000s) 786%* 803+ 814r+*  B78*** T27xx 738%*
(.004) (.004) (.006) (.007) (.004) (.004)
Female applicant 969*r* Q7 5ER* 1.029%**  1.051*** .919%*x Q2%+
(.004) (.004) (.006) (.006) (.005) (.005)
Ecological Characteristics
Central city (defined by Census) 1.068*** 1.012 1.026**
(.008) (.013) (.009)
% Black 1.007*** 1.011%*= 1.005%**
(.000) (.000) (.000)
% Asian 1.002*** .999 .999
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(.000) (.001) (.001)
% Latino 1.005*** 1.010*** 1.001***
(.000) (.000) (.000)
% Foreign born .999* .999 1.005%**
(.000) (.001) (.001)
Median unitage 1.002*** 1.011%** .999
(.001) (.001) (.000)
% Of units built before 1939 1.000 .996%** 1.000
(.000) (.000) (.000)
Median credit score 1.000 .996%** .999**
(.000) (.000) (.000)
Median LTV .999 1.032%** .999
(.001) (.001) (.001)
% First time buyer 1.001 .984rxx 1.000
(.001) (.002) (.000)
County unemployment rate 1.146%** 1.091%** 1.059%**
(.005) (.008) (.005)
HPI .998*** 1.000 .99Q***
(.000) (.000) (.000)
County Change in % black (1932D00) .989*** .989*** .9Q7x**
(.000) (.001) (.000)
Constant AB3*F* 286**  101**  154**  027**  .009***  .406***  .679***  1.099
(.015) (.010) (.029) (.008) (.002) (.003) (.008) (.026) (.270)
Observations 1614123 1614123 1614123 953541 953541 953541 822412 822412 822412
Census region dummy variables Yes Yes Yes Yes Yes Yes Yes Yes Yes
Loan characteristics No Yes Yes No Yes Yes No Yes Yes
Constant AB3** . 286**  101**  A54** 027+  .009***  .406***  .679***  1.099

Note: * p<0.05, ** p<0.01, *** p<0.001. Standard errors are clustereldeaténsus tract level.
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Table5: Results from linear estimates of foreclosure rates

Model 1 Model 2
HOLC Grade
B .0075**  (.0023) -.0033 (.0019)
C .0159*** (.0030) -.0016 (.0026)
D .0157** (.0044) .0004 (.0030)
Not Graded .0092*  (.0036) -.0005 (.0023)
Aggregate borrower characteristics
% Minority among loan applicants .0002*** (.0001)
In(Avg. loan applicant income) -.0179**  (.0035)
In(Avg. loan amount) .0216%** (.0044)
2006 subprime lending rate .0006*** (.0001)
Ecological Characteristics
% Black .0001* (.0001)
% Asian -.0004***  (.0001)
% Latino -.0000 (.0001)
% Foreign born -.0000 (.0001)
Median unit age in 2015 .0002*** (.0001)
Central city (defined by Census) -.0050 (.0044)
Median credit score -.0001 (.0000)
Median LTV .0004* (.0002)
% First time buyer -.0003 (.0003)
HPI -.0001 (.0001)
County unemployment rate .0054* (.0024)
County Change in % black (1930-
2000) -.0006 (.0003)
Constant .0195** (.0042) -.0091 (.0642)
Observations 12124 12124
Census region dummy variables Yes Yes

Note: * p<0.05, ** p<0.01, *** p<0.001. Standard errors are clustatdde county

level.
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Appendix Table Al: Observations in the HMDA analytical sample by state

State HMDA Observations

Alabama 21,971
California 433,220
Colorado 33,242
Connecticut 47,640
Florida 41,813
Georgia 41,342
lllinois 256,750
Indiana 78,335
Kansas 17,857
Kentucky 17,615
Maryland 60,611
Massachusetts 109,906
Michigan 172,857
Minnesota 29,823
Missouri 71,839
New Hampshire 7,602
New Jersey 144,102
New York 272,175
North Carolina 22,240
Ohio 149,772
Oregon 35,011
Pennsylvania 124,903
Tennessee 29,318
Texas 36,374
Virginia 39,880
Washington 67,140
West Virginia 5,085
Wisconsin 68,112

For a full list of cities in the Mapping Sample, visi
the project’s website
(https://dsl.richmond.edu/panorama/redlining).
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Appendix Table A2Results fromogistic regressioestimates ofmortgage outcomassing HOLC grades derived from census tract
aggregates of census block data
Outcome: Denial in Outcome: Subprime in  Outcome: Denial in

2006 2006 2015
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Block average HOLC Grade 1.154%** 1.073*** 1.280*** 1.120%** 1.097*** 1.023***
(-007) (.004) (.014) (.008) (.006) (.005)
Observations 1614123 1614123 953541 953541 822412 822412
Covariates No Yes No Yes No Yes

Block average HOLC Grade (Area Weightec 1.156%*  1.074%*  1284%*  1123%*  1097%* 1 023%*
(.007) (.004) (.014) (.007) (.006) (.005)

Observations 1614123 1614123 953541 953541 822412 822412
Covariates No Yes No Yes No Yes
Block mode HOLC Grade 1.135%** 1.062*** 1.245%** 1.105%** 1.085%** 1.019%**
(-007) (.004) (.012) (.007) (.006) (.004)
Observations 1614123 1614123 953541 953541 822412 822412
Covariates No Yes No Yes No Yes
Block % HOLC- B 1.209*** 1.045** 1.505*** 1.155%** 1.017 977
(.030) (.015) (.067) (.029) (.019) (.014)
Block % HOLC- C 1.442%** 1.172%** 2.094*** 1.417*** 1.220%** 1.048***
(.029) (.015) (.078) (.031) (.018) (.013)
Block % HOLC-D 1.554*** 1.213*** 2.211%** 1.402%** 1.262*** 1.049***
(.034) (.017) (.088) (.033) (.022) (.015)
Observations 1614123 1614123 953541 953541 822412 822412
Covariates No Yes No Yes No Yes

Note: * p<0.05, ** p<0.01, *** p<0.001. All models include dummy variables for census regammd&d errors are clustere:
at the tractevel.
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Appendix Table A3: Results from linear estimates of foreclosures using Hitddes derived from census tract aggregates of census
block data

Model 1 Model 2 Model 3 Model 4
Block average HOLC Grade .004* 001
(.001) (.001)
Block average HOLC Grade (Area Weightec .004* 001
(.001) (.001)
Block mode HOLC Grade .003** .001
(.001) (.001)
Block % HOLC- B .004 .000
(.004) (.002)
Block % HOLC- C .012** 002
(.003) (.002)
Block % HOLC- D .010** .003
(.003) (.003)
Observations 12124 12124 12124 12124 12124 12124 12124 12124
Covariates No Yes No Yes No Yes No Yes

Note: * p<0.05, ** p<0.01, *** p<0.001. All models include dummy variablesciemsus region. Standard errors are clustere(
the countytevel.
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