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1 Introduction
The financial crisis of 2008-09 was preceded bgxareptional rise in borrowing by U.S. householdsoanted

for primarily by a rise in mortgage debt. Much bistmortgage debt was securitized and ultimatedyqd a key
role in destabilizing the financial system once $iog prices began to decline and the associatetyaym-
backed securities fell sharply in value. The inseel household leverage over the 2000s continumdader
trend of debt accumulation since the 1980s. Owessttime timeframe income inequality in the U.S.dased to
the highest levels seen in the post-war period Fsgere 1). These striking movements have led olessrto
wonder if the rise in income inequality caused sarfritne increase in household leverage.

There are numerous mechanisms discussed in thatlite through which an increase in income
inequality might affect household debt accumulatlbthe increase in income inequality is due tarmmease in
the dispersion of temporary shocks then standaroniplete markets models suggest low-income houdghol
might borrow more to smooth their consumption (dagoviello 2008, Krueger and Perri 2006). Altdivialy,
there is a long line of behavioral thought suggesthat income dispersion might affect householat tlerough
“keeping up” motives. As inequality increases, higbome households are able to consume relativelgem
than low-income households. If low-income houseba@gperience a disutility from not consuming eqlgrt
amounts as high-income households, they mighiotmaintain a higher level of consumption (e.g., Kainet
al. 2013, Bertrand and Morse 2013), potentiallydfesh by debt. Along similar lines Rajan (2010) aggtieat as
inequality rose, credit was made increasingly aad to lower-income groups to support their corion
levels in the face of stagnant incomes. While gigument suggests inequality increased the sugpiyediit,
the political demand for this expansion in credipgly was arguably driven by disutility from thesgéersion in
consumption between the rich and the poor.

In this paper we focus specifically on the poténtiik between inequality and household borrowihyg.
particular, we investigate whether borrowing patteon the part of low-, middle- and high-income seholds
differed depending on the level of local incomequreity where we define “local” as ranging from faze a
geographic level as the zip code to as aggregatedehas the state. There are several advantagesptoiting
local inequality. First, there is considerably meaiation in local inequality relative to the tinseries. This
allows us to do numerous subsample and robusthesk<in order to isolate the role of inequalitgc&d, local
inequality is, from a household’s point of vievkdiy to be a relevant metric for “keeping up” effecThird, by
varying the definition of local, we can shed ligint the extent to which any observed relationshggtagates.”
Finally, much of the rise in income inequality etU.S. since the 1970s reflects a rise in inetyualthin regions
rather than inequality across regions. If we wishstudy the sensitivity of borrowing to inequalttyen local
inequality levels are likely of first order intetes

To assess whether borrowing patterns dependectahiteequality levels, we study the changes in-debt
to-income ratios at thbouseholdevel over the course of the 2000s and their imahip with households’

relative standings in the income distribution ahd amount of local income inequality. We use unida&a



from the New York Federal Reserve Bank ConsumerdiCr@anel/Equifax (CCP) which provides
comprehensive debt measures for millions of U.8iskbolds since 1999, including detailed decompmositof
debt by type (i.e. mortgage, auto, credit cards,).eBecause this dataset does not include a neaxfur
household income, we use the relationship betwerrsdhold debt and income, conditional on observable
household characteristics, in the Survey of Consufimances to predict initial household income @2 This
imputation allows us to study the relationship kesw income and debt in unprecedented detail. We the
characterize the evolution of household debt leveative to initial income levels, across incogreups in
areas with different levels of income inequalitiinato a “difference-in-differences” approach a&dascome
groups and regional inequality levels.

Our main finding is that high-income householdshigh-inequality regions accumulated more debt
relative to their incomes than did low-income hdusds in the same regions, or equivalently that-ilegome
households in high-inequality regions borrowed treddy less than similar households in low-inequality
regions. This effect is precisely the opposite batvone would have expected from “keeping up” mestior
consumption smoothing driving the rise in househdébt during the 2000s. We show that this result is
remarkably robust and holds up to an extensiveyafaobustness checks: e.g. we find these patteitisn
households with low or high credit scores, withagions which experienced either high or low homieepr
appreciation, within households with either lowhigh initial debt levels, etc. We measure inequalitthe zip
code, county, and state and find similar resulteszlevels of aggregation. This robustness torobhing for a
wide range of other local factors that are coreslavith inequality levels suggests that it is irdltiee level of
inequality that matters rather than inequality gearstand-in for other economic channels.

Because our data provide disaggregated informatiomousehold debt, we assess the link between
local inequality and different forms of debt: matg debt, auto debt, and credit card debt. Impibytame find
strong evidence that low-income households in lmgluality regions borrowed less in terms of botirtigage
and auto debt than those in low-inequality regiomsich implies that our results are not driven jogtlocal
housing markets, but rather reflect broader bomgwpatterns. A unique feature of the data is thathave
information on both credit card balances as weltmslit card limits. This is particularly usefuldagise we
expect credit card balances to be more elastic mipect to demand than credit card limits. We fhrat low-
income households in high-inequality regions sagirtbredit limits rise by less than those in lowesquality
regions as was the case with mortgage and auta ddébthe same time, no economically significant
heterogeneity is observed in credit card balangésinterpret this contrast as pointing to supptiediactors as
being at the root of the differential debt accurtialapatterns that we observe in the data.

To illustrate how supply-side factors can expldie tifferential borrowing behavior tied to regional
inequality, we present a model in which each reg®rtomposed of two types of households. High-type
households have higher income on average thanylpgttouseholds and are also less likely to (exagg&pp
default on debt. Banks in each region lend to theseseholds but they do not observe householdsstypnly



their income and another signal correlated withuthderlying type. As income inequality rises, batrest an
applicant’s income as an increasingly precise sighaut their type and therefore target lendingaahhigher-
income households on average. How they do so, henwean vary with the local banking structure. For
example, if banks are perfectly competitive and claarge different interest rates to different agapiis, then
higher-income applicants will on average face lowmerest rates than low-income applicants, and thi
difference will be increasing in the amount of loiceeome inequality. If instead we model the bagkgystem
as being monopolistic and forced to charge a commiamest rate to all applicants, then this bank reject
low-income applicants more frequently than higheime applicants, and this difference will againferéasing

in the amount of local inequality. In both casesnks will make credit more accessible (or cheagehigh-
income households when local inequality is higlimcesincome is a more precise signal of applicgmes.

The credit supply mechanism presented in the moagltestable implications for the behavior of the
prices and availability of credit. If inequality &dfecting credit supply in the manner we suggibsn we expect
to see richer households be denied less often \abetying for credit in high-inequality regions riéle to
similar household in low-inequality regions. Simiya we expect richer households in high-inequalégions to
pay lower interest rates on a loan on averageepidlity is increasing. In other words, we expbet price of
credit, broadly understood, for high-income housdhtodeclinewith inequality as the supply of credit to these
households increases. At the same time we expegribe of credit toncreasewith inequality for low-income
households as the supply of credit to these holdedeclines.

We test these theoretical predictions using detaibertgage application information from the pulglicl
available Home Mortgage Disclosure Act data (HMDAhese data track mortgage applications as they go
through the origination process and contain infaimnaon applicants (including their income, the amtoof the
loan requested, their locale, and whether the Igadenied or originated). We document that higloine
households in high-inequality regions were lesslyiko be denied for mortgages than their countespa low-
inequality regions, as predicted by the theory.hHigzome households in high-inequality regions wads®e less
likely to be charged higher interest rates forrttmdrtgages than similar households in low-inedquatgions.
Thus, both theoretical predictions from the model@nfirmed in the data.

In summary, we document that high-income househiodsieow more as inequality increases and low-
income households borrow less. This finding istarkscontrast to inequality affecting household tdébough
“keeping up” motives or consumption smoothing. Wgua that these results can instead be explaimedgh
an information channel: applicants’ incomes aretranger signal of their underlying quality when dbc
inequality is high so banks are likely to channelatively more credit to high-income applicants.inds
information on prices from mortgage data we findlexmce consistent with this supply-side story.

This paper is closely related to recent work euitgathe strength of “keeping up with the Joneses”
forces. Bertrand and Morse (2013) study whetheéngisonsumption of the rich induces the non-rich to



consume moréUsing the Consumer Expenditure Survey (CES), fimelythat, within a state, the consumption
of the rich predicts higher consumption for the -nich, holding everything else constant includingno
income. Bertrand and Morse interpret their estimai® supporting the view that rising income ineigypah a
geographic market translates into more demandriatitcby low- and middle-income households (e.gaRa
2010). In contrast, by focusing explicitly on therrowing decisions of households and exploitirfgner level
of geographic variation, we document that low- ariddle-income households living in high-inequaliggions
borrowed less than similar households in low-indigueegions. This need not be interpreted as @afitting
the results of Bertrand and Morse (2013) sincedifferences in consumption that they document cdzlde
been financed through channels other than debttleaugh increased labor force participation, Emgorking
hours, etc. However, our results indicate that fkeg up with the Joneses” forces are unlikely teehplayed a
primary role in accounting for the dramatic risehsuseholdeverageduring the 2000s.

This paper also relates to a broader line of rebemwestigating the macroeconomic consequences of
income inequality, such as whether they are sydieafig related to financial crises. Kumhofet &0(3), for
example, argue that a rise in inequality driverahyincrease in the share of income going to thoieeaop of
the income distribution induces the latter to senare, lowering interest rates and inducing poomrsieholds
to borrow more, ultimately leading to more finamdragility and a higher likelihood of a financietisis. Bordo
and Meissner (2012) find little evidence of sudmk based on aggregate data since 1920 for fourdeeanced
economies, whereas Perugini et al. (2013) find sitipe link between income inequality and privateter
indebtedness since 1970 across eighteen econdivigesontribute to this literature by documenting haithin
U.S. regions, debt accumulation patterns acroderdift segments of the population over the coufsine
2000s were systematically related to local levéis@me inequality. We also provide a novel intetption for
these effects: local income inequality can be usedombination with an applicant’s income levelr&fine
inference about borrower types. Higher levels obme inequality then induce banks to reallocatditteward
higher-income applicants and away from lower-incomgplicants, thereby potentially amplifying the
implications of a more unequal income distributionthe distribution of consumption.

The relationship between income inequality and ahecation of credit emphasized in our paper also
relates to the literature on consumption and incorequality. Krueger and Perri (2006) and relatedks argue
that consumption inequality during the last decatidsiot rise with income inequalityKrueger and Perri argue
that low-income households have experienced incehmks that increased income inequality, but due to
enhanced financial intermediation these househblilee been able to smooth their consumption such tha
consumption inequality remained stable. lacovi¢lo08) replicates the trend and cyclicality of rehsd debt
since the 1960s and also argues that increasedsatxeredit has allowed households to smooth asargly

1 Prior evidence in the same spirit as Bertrand Mliatise (2013) includes Neumark and Postlewaite (),98&zo and
Oswald (2001), Christen and Morgan (2005), Luttif2805), Daly and Wilson (2006), Maurer and Meied(@), Charles
et al. (2009), Kuhn et al. (2010), Heffetz (201d)d Guven and Sorensen (2012).

2 Related papers are Blundell et al. (2008), Heathabal. (2010a), and Heathcote et al. (2010b).
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volatile income processes so that the aggregagt déwlebt increases with inequality. In contrégyiar and Bils
(2012) argue that, when one corrects for measureereors associated with underreporting of consionpt
expenditures over time and across different gocalssumption inequality has tracked income inequalibsely
over the last three decades. While this line okamsh appeals to financial intermediation as a bekwveen
consumption and income inequality, it could not suea directly the quantitative importance of forinafrowing
for smoothing shocks and its relation to incomeyiradity due to data constraints. We examine tisigadirectly
using household level data on debt accumulatiom.r@sults are consistent with the findings in Agwad Bils
(2012): if low-income households were smoothing gerary income shocks with debt then low-income
households should have accumulated relatively melpt where inequality is higher, but we find thpagite.

We also contribute to the vast literature on hoalseborrowing that covers such diverse topics &smy
of mortgages, optimal portfolios of household delsk scoring, and determinants of default proliéds. Our
paper is most related to studies of default deteants (e.g., Fay et al. 2002, Gross and Soulel6g)28nd
lenders’ treatment of loan applications (e.g., €bdt996, Munnell et al. 1996, Turner and Skidmb®89) in the
sense that we attempt to understand who obtairmt @ed at what terms. However, while previous aese
studies these aspects for borrowers without rgjatigiven individual to the pool of borrowers, weleitly focus
on how the relative positions of borrowers in theome distribution as well as the properties of itttemme
distribution can affect the level of debt that hehuslds ultimately accumulate. Thus, in contragthto previous
literature, we examine directly the interplay betwedebt and inequality, which has been the sulbjfectcent
policy and academic debates.

This paper is structured as follows. We describepoumary source of data in section 2 as well as ou
imputation procedure for income. In section 3, wespnt household-level regressions describingifferehtial
debt accumulation patterns across income levalsgions with different levels of income inequaliSection 4
presents a model that can explain these patterrsedtion 5, we test and confirm the additionatifptéons of

the model using data on mortgage applications 8iyiduals in different inequality areas. Sectiondhcludes.

2 Data

In this section, we first describe the dataset usedeasure household debt accumulation over thesemf the
2000s. Second, we discuss how we impute househotuime based on observed patterns in the Survey of
Consumer Finances. Third, we construct local incomagquality measures and describe some of thepepties.

21. TheNew York Federal Reserve Bank Consumer Credit Panel/Equifax

We measure household debt accumulation using the Werk Federal Reserve Bank Consumer Credit
Panel/Equifax (CCP) data. The CCP is a quarterhepaf individuals with detailed information on camer
liabilities, delinquency, some demographic infornimat credit scores, and geographic identifiershe rip

level® The core of the database constitutes a 5% randonpls of all U.S. individuals with credit files. &h

3 For complete details on the data set and variaiaestruction, see Appendix B.
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database also contains information on all indivislugith credit files residing in the same househatdthe
individuals in the primary sample. The householdniers are added to the sample based on the mailing
address in the existing credit files. Using the dedwlds’ identifiers, we aggregate individual resointo
households’ records and construct measures of holase debt. The resulting sample is a quarteriyde of

U.S. households in which at least one member l@sdit file. We use 100% of the CCP sample. Leeard

der Klaauw (2010) provide an excellent and detadlescription of the database.

The data cover all major categories of householl oheluding mortgages, home equity lines of credit
(HELOC), credit cards, and student loans. Becafiskeolarge sample size, the breadth of variableeved,
detailed location, and the ability to constructuamgerly household panel these data provide the desiled
picture of household debt available.

2.2. Income Rank Imputation

While the CCP provides detailed records of houskligbt and geographical location, it does not ihelu
information on household income. To address tlsigdswe impute income for the households in the GSify
information from the Survey of Consumer FinanceSKB The SCF is a household-level survey that dosta
information on debt balances and income as well ish set of demographic characteristics. Howeter SCF
does not provide geographic identifiers in the mplavailable data. We use the SCF to estimate how
household income relates to debt and demographi@cteristics available in both the CCP and SCEk dets.
We then use these estimates to impute househadhimin the CCP data. Finally, we use the imputedrire
and the estimated error terms from the SCF to imghe household’s income rank in the household'’s
geographical area and the distribution of incomhat area.

In our analysis, we restrict the sample to houskhfdr whom the household head's age is between 20
and 65 to minimize potential age-related selecéffacts. The data in the CCP are updated quartéfly.use
data from the third quarter of the CCP for year81202012. We follow Brown et al. (2011) and chotise
third quarter to maximize the match with the SCivey (typically administered between April and Deteer),
which we use to impute the initial income distribatas described below. For consistency, we therthesthird
guarter of each subsequent year to generate amazaures of household debt.

Table 1 contains the summary statistics from thé@6d SCF samples from the third quarter of 2001.
The statistics from the CCP and SCF are similanfost categories with the exception of credit daathnces.
This finding is consistent with Brown et al. (20T&porting that overall and in the majority of djgeegated
debt categories (mortgages, auto loans, and HELQ®©@s)ower characteristics and debt levels repanetie
CCP and SCF are similar. Brown et al. (2011) sugtied some of the discrepancy between the credld c
balance statistics in the two datasets might comm fthe way credit card balances are recordedCiGe
contains records of all credit card balances, wasetbe households in the SCF might only reporfrémetion of



the balance they intend to roll ovieFhe mortgage balance and HELOCs in the CCP agbtislihigher than in
the SCF because the CCP measure includes secandesyent properties, while in the SCF it does(set
Brown et al. 2011). The auto debt balance is adigihth/ higher in the CCP because the CCP incluae®
leases, while in the SCF respondents usually doeogssarily report car leases as auto debt. Tiiagztcy
rates are very similar between the two samples.tdlbles also show some differences between theqleincy
statistics in the two datasets. It is possible tB&@F households only report severe delinquenciefage
quantities of debt and do not report delinquenttias they regard as temporary or small.

To impute the rank in the income distribution fdn@usehold in the CCP, we first estimate the falhow
relationship between the household’s gross incamdeohservable characteristics in the 2001 SCF,

log(Yi,SCF) = Bf(Xiscr) + €iscr» (1)

whereY; ¢cr is the income of househoidandX; scr is the vector of the household’s characteristies include
(logs of) mortgage balance, credit card balanaliccard limit, an indicator for positive credard limit, the
credit card utilization rate conditional on positigredit card limit, auto loan balance, HELOC bea&rstudent
loan balance, an indicator for bankruptcy, an iattic of 60 days or more past due on any loan, geeocé the
head of the household and the household {ige. is a vector-valued function that includes polynaisi
interaction terms, and dummy variables. AppendiyrBvides more information on the specification and
variables. We estimate equation (1) using OLS (#hith SCF sampling weights) and eliminate outliesmg
Cook's distancThe unadjuste? for this regression is 0.55.

Using the estimategfl, we construct the expected imputed (log) incomeséh householdin the third
quarter of 2001 in the CCP data:

E[log(Y;)] = ﬁf(Xi,ccp ),

and the expected imputed income (in levels)

E[Y;] = exp[E[log(¥)] + 0.502 ... ],

€i,SCF

WhereO'gZiSCF = 0.423 is the variance of; scr estimated in equation (1).

Having imputed households’ income in the CCP, wanthstimate the household’s rank in the local

income distribution. For each househéloh areac we construct its income rank in 20(;,. 5001, as the rank

4In the CCP, the credit balance is recorded on sdate during the quarter. For some individuals tf@in be the date right
before they pay off most of their credit balanagd the balance might largely reflect the transactise of the credit cards.
For other individuals, the date might be the détier ahey pay off the intended balance and the neimg.amount reflects

the carry-over balances. In the SCF, the credérza reported likely does not reflect the use efli¢rcard for transactions,
but rather the debt that the household does nottplaepay in the current period. In addition, Hoeiseholds in the SCF
might forget older balances.

5 In the SCF data, the 60DPD indicator is the inicaf whether a household has ever been delinqueainy loan for 60

days or longer. In the CCP data, the 60DPD indiciatthe indicator of whether a household is delert on any loan for

60 days or longer in the current quarter.

6 Equation (1) is estimated only for observationthvgiositive values of income. We also restrict analysis to the 50 U.S.
states and the District of Columbia, dropping theesvations from Puerto Rico and U.S.-owned tereso



of the household's expected imputed incoE{k)g(Yi_ZOM)], in the imputed income distribution for location
We approximate the local income distribution thiowigsimple resampling procedure. In particular,assume
that the distribution of income residuals estimdtethe SCF is the same across all locations. Nwieif this
assumption is not appropriate, we will tend to bias results against finding any role for inequalii
accounting for debt dynamics. However, our resafésrobust to using alternative measures of ingégubht do
not rely on this imputation procedure. After dragviaa household from locatianin the CCP and calculating its
expected income, we add a randomly drawn residstiinated on the SCF sample to obtain a simulated
household income:

log(Y;c.ccp) = Bf (Kicccp ) + Escr -
By repeating the process 50,000 times, with dramrsedwith replacement, we approximate the local imeo
distribution. We then calculate each householdrseagtile rank R; . 2001) USing their expected income relative
to the simulated distribution of incomes from thegion. The higher the value 8f . ;001 the relatively richer
is household in its geographical locationin 2001.

We separately construct the rank of the househplthé household's location at the three different
levels of aggregation: zip code, county, and stateen the measure is constructed at the zip cods, leve
restrict the analysis to zip codes with at least hBuseholds in our CCP sample. This gives us 94diinct
Zip codes in 2001. At the county level, we resttiet analysis to counties with at least 300 housishio our
CCP sample. This procedure gives us 2,303 counti2801, covering over 35,000 zip codes.

We check the quality of our imputation in a numbéways. First, we can easily check the quality of
the rank imputation within the SCF itself, althoutjis does not speak to the quality of the impataticross
geographies. Regressing the true percentile ranth®rimputed rank and a constant gives us a coaffiof
0.69 with a robust standard error of 0.004, exttgragnificant. To test that the imputation provide useful
measure of income in the CCP, Table 2 presentsitireents of the income distribution imputed in theRCand
the same moments calculated from the SCF. The ¢ét&oa$ moments are very similar especially in thddbe
of the distribution, suggesting that our imputatfanction is sensible. We also check the qualitpwf income
imputation procedure by bringing income informattorthe CCP data from an alternative source. Wegentre
CCP data with the data from a proprietary databkis. database has detailed mortgage-level pataltbat
contain information on a majority of mortgages oréged in the U.S. Critically, these data include tebt-to-
income ratio associated with each mortgage atithe of origination. We use information on the magg
origination month, location (zip code) and balafroen this proprietary database and the same attrébfiom
the mortgage trade-line data in the CCP to matalsétoolds in the two datasets as in Elul et al. R0Lhe
earliest year when the debt-to-income variableviilable in the proprietary dataset and when thé &C
available is 2007; thus we merge the data usingdfitee mortgages originated in 2007 and re-estinwite
imputation equation for 2007. Prior to the merge, eliminate all cases of multiple mortgages with same
combination of open month, initial balance andaple in both datasets to ensure that the matchidggie. For
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the sample of matched households we use the débtdme ratio from the proprietary database ancditis in
the CCP to estimate the income. For this subsetaithed households we compare the income rankedkeriv
from the proprietary data with the income rank vkl from the SCF-CCP imputation. The two measufes o
rank are highly positively correlated (Spearmanraation is 0.55). Regressing the imputed CCP ireom
measure on the actual measure of income yieldspa glstimate which is practically one suggestietassical
measurement error relationship between the two mnea®f income.
2.3. Local Inequality Measures
Having imputed income in the CCP, we constructidieal inequality measures for 20Q7 {o0,). Our preferred
measure of inequality is the difference betweereetqul log income at the 9(ercentile and expected log
income at the 1Dpercentile, i.e.,

Iez001 = P90c[E{108(Y},c,2001)}] — p10.[E {log(Yi,c,2001)}] .
We then compare this measure to inequality measorestructed from alternative sources. At the nigeclevel,
we use data from the IRS on household adjusted gn@®@me (AGI) drawn from the 2001 tax returns.tidd
county level, we use the Census data on housemmddnie from 2000. Both of these sources providenircbins
and the fraction of the population within each lising this information, we construct a simple appnation to
the Gini coefficient. The CCP measure constructemnfimputed incomes is highly correlated with Gini
coefficients based on Census or IRS data. For deartiig correlation between Gini coefficients frtime 2000
Census and 90-10 differences in the CCP data abthay level is 0.59.

Figure 2 plots a map of U.S. inequality at the ¢plEvel. Inequality is on average highest in thateern
states, as well as California and the Pacific Negtt. Midwestern states, in contrast, stand outdeing some of
the lowest levels of inequality on average. The alap shows that inequality tends to be higheatigd cities than
in more rural areas. The map masks even greatenetdneterogeneity in inequality at the zip cogleel. Figure 3
plots histograms of our CCP inequality measureaah ¢evel of aggregation. Average inequality idhkigat lower
levels of aggregation with a mean across zip cotig24 and a mean of 1.68 across states. Theasthddviation
of inequality is twice as high (0.15) at the zipdcompared to the state level (0.07).

We focus on local income inequality for a numberezsons. First, this is likely to be the mostvatd
metric when households compare themselves to otBexsond, it avoids measurement issues associdtied w
comparing incomes across very different areas $.90K in New York vs. Tulsa). Third, much of theerin
aggregate inequality in the U.S. reflects risirgguality within regions rather than across regiofigally, there is
much more variation in income inequality acrossamegthan in aggregate inequality over time, wiichecessary

for isolating any potential effects of inequality bousehold behavior.

7 In Appendix C, we describe in detail a decompositdf aggregate income inequality in the U.S. frb&70 to 2000

measured using Census income data. When we methsurelative importance of differences in mean imee across
regions (“between” inequality) versus the dispersié incomes within regions (“within” inequalitypf each Census, we
find that “between” inequality has consistently @octed for less than two percent of total inequaditd that this share
has, if anything, been declining over time.



3 Empirical Analysis of Debt and Inequality

In this section, we investigate whether househotdstowing patterns from 2001 to 2012 varied witldl
inequality. We do so using household level regoessiof debt-to-income changes over time as a fomaif
household characteristics, their position in thmaloncome distribution, and interactions of thiedawith local
inequality measures. While the evidence suppossnthtion that local inequality affected debt acclation
patterns across income groups, the direction okffext is opposite to what one would expect frdmeping
up” or consumption smoothing effects. We documkeetrbbustness of this result along a variety ofetlisions.
3.1 BasdineResults

We are interested in estimating the role of inifiatal income inequality on the relationship betwese
household's debt accumulation and their rank inrthial local income distribution. In particulawe estimate
the change in each household's debt between 2@D¢eamt, 2002 < t < 2012, as a function of their income
rank in the 2001 local income distribution, coratitall on local income inequality in 2001. The benahHm
specification is

ADjct

M eroos aRic2001 + Ble2001 + YRic2001 X Ie 2001 + €7 + €ice, (2)
where# is the change from year 2001 to yeain the debt of householdthat resides in location
ic,2001
relative to the household's (imputed expected)nredn 2001 (in levels), i.e; BDict  — Diet—Dicz001 \yheare
ElYic2001 E[Y]ic2001

D;.; is deflated by the CPI-U and expressed in 200tadot* is a fixed effect of the geographical locationttha
is at one level of aggregation higher than the gmaitic area used to construct the income distohutind the
income inequality measufeWe use the 2001 measure of local income inequiaditause it is predetermined
relative to subsequent household debt accumuldggisions, although inequality is highly persistewer time
(see Appendix D).

Parametersy, § andy describe the relationship between a householdd decumulation and local
inequality. If @ < 0, low-rank households within an area accumulatatikglly more debt than high-rank
households. If8 =y = 0, then local inequality is irrelevant for househaldbt accumulation. This case is
shown in Panel A of Figure 4. Panel B of Figurdldstrates the case when< 0,8 >0,y < 0. If § >0, an
area with higher inequality is associated with kigllebt accumulation. If < 0, this effect weakens as
household rank increases, which is an exampleeofkbeping up” hypothesis. The final panel illugtsaa case
wherey > 0. In this case there is a crossing point such thahé right high-income households accumulate
more debt as inequality increases. To the lefhisf ¢rossing point low-income households accumuéste debt

as inequality increases. The aggregate effect disp@mthe exact crossing point and relative slopes.

8 For example, in the regressions with zip codellelgtribution of income and inequality, we contfok county-level
fixed effectsIn the regressions with county-level rank and iredifyy we control for state-level fixed effects. Vide not
control for the geographical fixed effects in tegmessions with state-level income rank and inetyual
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We estimate equation (2) separately for each ye&002 <t <2012. In each yeat, we follow
Guerrieri et al. (2013) and restrict the samplédaseholds that reside in the same geographicakare2001

and int. In each regression, we exclude the observatiefmabthe 2¢ and above the $8percentile of the

AD;

distribution ofE[Y]—“ in yeart. The standard errors are clustered by geographadito.®
ic,2001

Our baseline estimates of equation (2), estimatéueazip code level with county fixed effects jaars
ranging from 2002 to 2012, are reported in Panelf Aable 3'° Our first finding is that the coefficient on a
household’'s rank in the income distributiag) (s consistently negative, with a peak absoluteievan 2007.
Hence, debt accumulation over the course of thly emmid-2000s was, on average, greater for loiweome
households. Second, the estimated coefficient erintbquality level of the zip code is systematicakgative,
again peaking in absolute value in 2007. This iggpthat, holding everything else constant, housishidling
in the more unequal areas within a county accuredlassdebt over the early to mid-2000s than did those in
lower inequality areas in the same county.

The key parameter for us js which captures the interaction of household ramkhe local income
distribution and local inequality. Our main findirgythaty is positive over this time period. This impliegatllebt
accumulation was relatively higher for (sufficigiithigh-income households in high-inequality regidhan in
low-inequality regions, or equivalently th&wer-income households in high-inequality regidosrrowed
relatively less than their counterparts in loweequality regionsThis result is precisely the opposite of what one
would have expected from “keeping up” effects. Pabeof Figure 4 describes our results qualitatively
Households with rank to the right of the crossimguanulate more debt on average as inequality isesea
Households to the left of the crossing accumulkeltgively less debt as inequality increases.

To give a sense of the economic magnitudes, welleédcthe change in debt accumulation in response
to a one standard deviation increase in local iaktyufor households of several different ranksn&aA of
Figure 5 plots these calculated effects at tH& 80", and 28 percentiles for each time sample. At thé'80
percentile a one standard deviation increase iquiality implies an increase in household debt @sqrected
income of more than nine percentage points in 20G7the 2@ percentile we estimate that households
decreased debt relative to income by a little @exen percentage points in 2007. In the same treamedian
household saw an increase in debt-to-income t litiore than one percentage point.

3.2.  Specificationswith Additional Controls
Our baseline specification does not include anyskbald-specific controls other than their rankhie income
distribution. To control for potentially confoundjinhousehold characteristics, we consider an exghnde

specification augmented to include a vector of bbotd-specific regressors:

% Each specification below is estimated using hoolsksampling weights from 2001, as described in exjix B.

19 In general we report standard errors uncorrectedHe fact that rank and inequality are generaggtessors. The
standard errors are very similar but computatignalirdensome when we use a bootstrap to correcthéoigenerated
regressor.
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ADjc¢
E[Y]ic 2001

= @Ric2001 + Blc2001  VRic2001 X Ie2001 + ¥ X + T + €ict, 3)
where X;. is the set of household-specific controls. Theéetainclude the age of the head of the household,
household size, (logarithm of) the level of housdisomortgage debt, (logarithm of) the level of Behold’s
auto debt, (logarithm of) the level of householdELOC debt, (logarithm of) the level of householdtsdent
loan debt, an indicator for a non-zero credit cdett limit, (logarithm of) the level of householdsedit card
debt, (logarithm of) the level of household’s ctaddird limit, the credit card utilization rate cdatiwhal on non-
zero credit card limit, default indicators, and thesrage of household members’ credit scores. dkitrols are
from 2001, with the exception of credit scores Vidrich we include both 2001 values (to control foitial
access to credit) as well as y¢aalues (to control for access to credit in subsetyears). Results from this
augmented specification are presented in Panel Bable 3. The results for the estimated effectsaok,
inequality, and the interaction of the two are aftridentical to those from the parsimonious spegifon.

A second concern one might have is that regiareduality is correlated with other regional ecoromi
characteristics and that it is the latter that mest relevant for household debt accumulation dwtss We

control for this possibility in several ways. Fjrate include an additional vector of zip-level qohvariables:

ADjct
E[Y]ic2001

= @Ric2001 + Blc 2001 + VRicz001 X Ie2001 + YXic + kW, +¢F + €5t (4)
where W, is the set of location-specific controls. The e&tlocation-specific controls includes the median
expected income in the zip code in 2001, the medfafiog of) the household’s total debt in 2001d&he
median of (log of) the household’s mortgage del2001. Results are presented in Panel C of Tabigy&in,
our baseline estimates of the effects of househatk, local inequality and their interaction arenast
unchanged. This is also illustrated graphicallyPenel B of Figure 5: our estimates with both hoakkland
regional controls suggest that increasing inequalt one standard deviation is associated with élooisls at
the 8¢ percentile increasing borrowing relative to incolyealmost 11 percentage points, at th& pércentile
households increase borrowing over income by ouerpgercentage point, and at thd' @rcentile households
decrease borrowing over income by about eight pésige points. The difference between high- and fank
households is essentially identical.

Another way to control for regional characteristisdo estimate our baseline specification withe€ix
effects at the level of the zip code rather thandbunty:

#jétm = @R 2001 T VRic2001 X Ic2001 + ¥Xic + 8¢ + Eice- (5)

With zip code-specific fixed effectd, we can no longer separate the effect of local iaktyufrom other
regional characteristics, but we can still estintatecoefficient on the interaction term betweenhbusehold’s
income rank and local inequality, The results from estimating equation (5) aregmted in Panel D of Table
3: the estimate of is again almost unchanged relative to those framparsimonious specification (2) or

specifications augmented with household (3) antbreg controls (4).
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We also check for omitted variable bias in the retéon term by adding the interaction of the
household credit risk score with local inequaliyttie specification in equation (3). Specificathis deals with
the concern that income might be a proxy for somferovariable actually driving debt accumulatiohte
measure of income rank primarily picked up thetredaimportance of the household’s credit risk sgdhe
estimate ofy should differ significantly after including thiateraction. We estimated the following modification
of specification (3):

#Ztm = aRic2001 + Blczo01 + Y Ricz001 X Ic2001 + P Xic
+¢Riskic 2001 + ORIiSkic 2001 X Ic2001 + €T + Eicrs (3)
The estimates of across all years (Panel A, Table 4) are robuitednclusion of the interaction term.
Similarly, we check whether the results are serssitd including an interaction of the household’'s
initial debt level with local inequality in spedaition (3):
ADjct
E[Y]ic,2001

= aRic2001 + Blezoo1 + Y Ricz001 X Ic2001 + P Xic
+@Debt;c 3001 + TDebLic 2001 X Ie 2001 + €T+ Eict, 3"
Our baseline findings are unchanged with thesetiaddi controls (Panel B of Table 4).

We verify that our results do not hinge on the G@#asure of income inequality. We replicate ourltesu
from Table 3 in Appendix Table Al using the measafrenequality constructed from IRS data and désctiin
section 2.3 and find almost identical results. Inave also check that we are not mechanicallyugidg any
spurious correlation between the interaction teneh @ur outcome by using the imputed income on dftehband
side and imputed rank in the interaction. To chackwe estimate two additional specifications. Titw replaces

rank with the inverse of imputed income

ADjct - a 1
E[Y]ic2001 E[Y]ic2001

1
+ Bl 2001 +)/WXIC,2001 + X + KW, + T+ €y (6)

ic,2001
By including the inverse of imputed income on tightr hand side, we are inherently removing anyt-firsler
correlation between the outcome and variables emnight hand side. Thus, any higher-order cor@tatnust be a
feature of the data. The results of this estimadi@nfound in Appendix Table A2 Panel A and shoat thith this
specification we get qualitatively the same ressitise now the signs are reversed. In AppendixelABl Panel B
we also estimate a specification where the outcaamiable is the log difference of total debt kegpine baseline
regressors and controls as in (4). We again firditatively similar results: low-income househotdsv their debt
grow by less in high inequality areas than sinfilauseholds in less unequal areas.

In short, the differential debt-accumulation patteby households of differing income levels across
inequality regions are a robust feature of the.data
3.3.  Subsampleanalysis
Our finding that debt accumulation was higher foogr households in low-inequality regions thanhhig
inequality regions is robust to controlling for &e variety of household and regional observalile®e may be
concerned however that our interaction effect igtwdng some other nonlinear characteristic of lebotd
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borrowing, which need not be captured by lineartrmds. To address this possibility, we consideadditional
set of robustness checks in which we verify thatresults still obtain within subsets of the d&aecifically,
we break our regions along four dimensions: geducagreas, initial debt burdens, credit scorestange price
growth. Note that in each of the subsample regpassive do not normalize inequality so that diffeesin
magnitude are not necessarily the result of diffees in economic effects.

For geographic areas, we estimate our specifitatith household and regional controls (equatioh (4
separately for each of the four Census regionswd#, Northeast, South and West. We present thitseasf
the household level regressions of debt accumulditeom 2001 to 2007 (the main period over whichdehold
debt increased sharply) for each region in Panef Aable 5, with the full set of yearly regressidnsregion
available in Appendix Table A3. For each regiorge ttoefficients are of the same sign as before dnd o
approximately the same order of magnitude. Hengebaseline results are confirmed within each megibthe
country.

Second, we decompose zip codes by the averageofestedit scores among households in each locale
in 2001. Specifically, we group zip codes into thkéns: low credit scores (below the®33ercentile of average
credit score distribution), medium (between th& a8d 6% percentiles) and high credit scores (above tie 67
percentile of the average credit score distribQti¥vie then rerun our specification with househaid eegional
controls within each of these three credit scomasr The results for 2001-2007 are presented iel Barof
Table 5, with all yearly regressions by credit cgrouping available in Appendix Table A4. Agaime results
are qualitatively similar across credit score gmuathough they are somewhat smaller in high trechre
regions.

Third, we split zip codes according to median dekihcome ratios in 2001. Specifically, we constru
median initial debt-to-income ratios across all $eholds in a zip code, then split zip codes intedtgroups
based on these median ratios: low initial debt lEev@elow the 3% percentile of the debt-to-income
distribution), medium (between the 8&nd 67 percentiles) and high debt-to-income ratios (abihee 67"
percentile of the debt-to-income distribution). Wen estimate our specification with household egional
controls within each of these three subsets otaites. We again present results for 2001-2007 melR@ of
Table 5, with the full set of yearly regressionsitiyial debt-to-income ratio available in Appendiable Ab5.
We find that our qualitative result holds acrogs @ddes of different initial debt-to-income ratiost that the
differential effects of inequality on household fmaving across income groups were largest in regieitis
higher initial debt-to-income ratios.

Finally, we assess whether our results are seadii either the growth in house prices or thdahit
level of house prices relative to income. We measimuse prices for each zip code using data frarCibre
Logic index. These data are only available for lasseti of our zip codes (about 6,600) which congtititbout
70% of our original sample. We split zip codes adtw either to their growth rates in house pribesveen
2001 and 2005 or according to their initial (206€dfjo of average house price to median incomeabhease,
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we group zip codes into three bins: low (below 88 percentile), medium (between the3and 67
percentiles), and high (above thé"gfrcentile). We re-estimate the specification witlusehold and regional
controls within each sub-grouping of zip codes prasent results from 2001-2007 in Panels D (forskqurice
growth) and E (for initial levels of house pricedative to income) of Table 5, with the full set ydarly
regressions in Appendix Tables A6 and A7 respelgtiviche interaction of household rank and locabjimadity
remains statistically significant within each sutsfthe data, with the results varying little dedimg on initial
relative house price levels or subsequent house pppreciatioft:
34. Results from a Nonparametric Specification
The specification in equation (2) assumes a linelationship between debt accumulation, incomerandl and
local inequality. In this section, we relax thissasption and estimate a nonparametric specification
Specifically, we first split the sample of houseat®into three bins according to the level of Idoalquality. In
particular, each location (zip code) is assignedn® of the three bins based on the location’d lefvimequality
in the distribution of inequality across locatians2001, i.e., low-inequality bin (less than thé"2@rcentile of
the distribution of local inequality levels), miedel inequality bin (between the 2@nd 8¢ percentile), and
high-inequality bin (above the 8(ercentile). The assignment of locations to inéityukins remains constant
through 2002-2012. We similarly group households inins based on income ranks (below 2@rcentile,
above 88 percentile, and between2@nd 88 percentiles). We then run a regression of housishotlative
debt accumulation on dummies for each income ratdgory and inequality bin, with regional contrafed the
county-specific fixed effects for each year sepdyatThe omitted category is the dummy for low-rank
households in low-inequality regions.

Figure 6 shows the estimated coefficients for lawe high-rank households in each type of regton.
The differences across inequality regions for higihked households (i.e. those above tH& B&rcentile) are
small throughout the time sample. In contrast, tawked households display much larger differennegebt
accumulation patterns across low- and high-inetyuedigions, with differences in debt accumulatieaahing
over 50 percent of initial income levels by 200&nide, the link between inequality and debt accutiamnavas
relatively more important for low-income househdidan for high-income households.
3.5. Resultswith County- and State-L evel Income Distribution and I nequality M easur es
Previous work on inequality and consumption hasluseasures of inequality at the state level (set8el
and Morse, 2013) and most discussion of inequalitg debt has focused on measures of inequalitiieat t
national level, as in Figure 1. We explore how oesults vary as we increase the level of geographic
aggregation for inequality by estimating equatiénysing the income distribution at the county atate level.

11 Another way to characterize the insensitivity af cesults to housing is to split the sample imoseholds who had
mortgage debt in 2001 vs. those who did not. Agla@iment in Appendix Table A8, we find the samélitatave results
for both groups: debt accumulation of low-incomei$eholds was more pronounced in low-inequalityaegithan high-
inequality regions regardless of whether individualeady had a mortgage in 2001.

12 Results for mid-rank households are included ipexmlix Figure 1. They display no meaningful differes across areas
of high or low-inequality.
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We construct the area income distribution usingstiie resampling procedure we used for zip codgaiamw
we compute a household’s percentile rank withinléinger area (e.g. county) income distribution aredjuality
statistics of that distribution. We keep all housldrand regional-level controls that we used beéoteept now
we include state fixed effects for county-levelresgpions and no fixed effects for state-level regjons.

Panels A and B of Table 6 report the results witluinty- and state-level income distribution and
inequality measures, respectively. At the countgllewe find very similar results to our zip codgressions once
we consider that the standard deviation of inetuai smaller at the county level. We also findywemilar
estimates of the interaction term when inequatynieasured at the state level, although therenie $oss of
precision in our estimates due to the aggregalibase results indicate that the effects we meagute zip-level
are also apparent at higher levels of aggregafittsn noteworthy is that the estimateffs positive at the state
level, implying that households on average accuredlaelatively more debt in states with higher lsvef
inequality. This is similar to the result obtairieg Bertrand and Morse (2013) that typical househaolthsumed
more in states where consumption of the rich walseri
3.6. Results by Form of Debt
We now consider debt accumulation patterns aloffgrdint dimensions of debt: mortgages, auto loars a
credit cards. For each, we reproduce our housdketd-regressions with household and regional oésnd
county fixed effects and report yearly results able 7. Panel A documents that the results for gages are
almost identical to those found for total debt. 8&xe mortgage debt on average accounts for twistbirtotal
debt, it is likely the primary driver of total depatterns described above. Panel B documents émgtsimilar
qualitative results obtain for auto loans: batandg are estimated to be negative while the interadgomy is
positive. However, the interaction effects are digantly smaller for auto loans than for mortgagegen if we
adjust for the relative magnitudes of each forndelt (i.e. convert to growth rates). For examhe, peak
interaction effect on auto loans is about 0.05,cwhivhen adjusted by the average ratio of auto telmortgage
debt (mortgage debt is almost eight times as lasgauto debt on average) becomes 0.4, one-thadedourth
of the mortgage interaction effect. Though autmodisplay the same qualitative patterns, the nmapfsom
local inequality to differential borrowing patterasross households is quantitatively weaker thamfirtgages.

Panels C and D report equivalent results for treatid balances and credit card limits. The disitinc
between credit card balances and limits is usefghbse the former can be expected to be very ehaiti
respect to the demand for credit while credit lgrghould be significantly less elastic with resgedtousehold
demand: Strikingly, we find very different results for theo measures. With credit card limits, we recaber
same qualitative features as in our baseline estgnéor total debta and g are both estimated to be
systematically negative while the interaction terim positive. With credit card limits being appnmétely half
of mortgage debt on average, the estimated peak ddy of around 0.6 is approximately one-third as laage

13 This distinction is somewhat offset by the faatthouseholds can endogenously raise their ciiedislby applying for
more credit cards or requesting higher limits fribrair current credit card providers.
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the peak interaction effect estimated for mortgageerms of implied growth rates of each form ebd In
contrast, we find no consistent or economicallygigant relationship between local inequality ghd credit
card balances of households across different inogroeps: boths andy are estimated to be very small (in
some years becoming statistically insignificant)l éime sign ofy unstable across years. Thus, to the extent that
we can interpret credit card balances and limite#iscting credit demand and supply respectivttlgse results
suggest that the differential borrowing patternslafer- and higher-income households across regans
different inequality reflect differential creditgply conditions, not differential credit demand.

In section 4, we propose one channel through wbielit supply can vary with local inequality in a
way that can account for these patterns, namégniers use an applicant’s income in combinatiai Vacal
inequality to make inferences about the applicaatiderlying type. This interpretation of the datawd be
consistent not just with the difference in our fingb for credit card limits and credit card balas)dzut also with
the quantitative differences in the size of estadatffects of inequality across other forms of détirtgages,
for example, represent much larger loan amounts d¢ti@er forms of debt and, although collateralizeid, often
difficult and expensive for financial institutiorte recover the property associated with the loamdse of
default. Auto loans, on the other hand, are mucdllemin size and banks face fewer hurdles to regesing a
car. Hence, the incentive of financial institutidosdevote resources toward identifying applicantgderlying
credit-worthiness should be lower for auto loaratmortgages, leading to weaker utilization ofittiermation
provided by local income inequality as found in [Eald. While credit card debt is of the same order o
magnitude on average as auto debt in the CCP ta@adl debt is unsecured so that financial ingting bear
more risk than they do with automobiles. One walherefore expect stronger incentives to utilizeilatte
information in extracting credit risk for creditrda than autos, which is again consistent with wiebbserve
in the data.

3.7.  Credit Demand

One potential demand-side explanation for our figdiis that high- and low-income households’ income
expectations or growth vary systematically withguaality. If high-income households expect a rekdiiMarger
increase in permanent income growth in areas winequality is high then we might expect them torbar
more. To the extent there is excess sensitivitgansumption even temporary differences in incomanghs
that are correlated with inequality could affectrbaing behavior in the way we observe.

While we do not have the expectations data nepegsatest this channel directly, we can test
implications of this alternative explanation. Onels implication is that if high-income househol@stomes
were growing faster relative to low-income housdbadlh more unequal areas, then we would expecedo s
divergencean income inequality across regions. Specificadiygas with higher initial levels of inequality sid
experience rising levels of inequality relativediher regions in subsequent years so fhat the following
cross-sectional regression should be greater than o

Inequality;; 1 = a + B¢ Inequality;; + e;.
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We test this implication using data from the Inttgd Public Use Microdata Series (IPUMS) on
household incomes in metro areas. We restrictdhgke to the set of metro areas identified consiistérom
1970 to 2000, to households where the respondagéds between 25 and 65, and where the resporsdibrat
head of the household or the spouse of the hedldeohousehold. To calculate income we use totailjam
income. This leaves us with a sample of 117 meteasacovering roughly 60% of the U.S. populatioee S
Appendix C for more details on the data. We measequality in each period as log of the p90/plfiora
although results for other measures are similableT8 provides the OLS coefficients from these esgions
using base years of 1970, 1980, and 1990 and itiggleaels for 2000 as the dependent variable. dbyears
the estimated coefficient is positive but signifittg below one, suggesting that income distriblgiane stable
on average. Estimates using quantile and robustssign give nearly identical results.

We also test if income growth by income decile esnivith local inequality. For the decjlén areal,
the average income i_$j so that we estimate

log( Yije41) — log( Yije) = a + B, Inequality;, + e; .
Figure 7 plots these coefficients along with 95%fictence intervals measuring income growth fromQ 8y
2000 and 1990 to 2000. While the bottom decile appto be a strong outlier, the pictures do nogsespthat
high-income deciles experienced higher income drowtareas that were more unequal. In fact, thehga
appear to have a downward slope, which suggesiav@myence in the income distributions across regaver
time. This is consistent with the results in Talle

Neither of these exercises suggests that incomtlgrfor high-income households was relatively kigh
in high-inequality areas. We find that lower-incolmeuseholds living in high-inequality regions hagaded to
experience relatively higher income growth, leadiagconvergent dynamics in regional inequality otiare.
These results suggest that differential income tirgswnot likely to be driving our results.

Another potential demand-side mechanism that caxjlain our findings is if households try to
segregate themselves more when local inequalityideare higher. For example, as high-income houdeho
become increasingly richer than low-income housg#dothen high-income individuals may have a greater
desire to live with other high-income individuaf®ne immediate limitation of this story is that imlp has
implications for mortgage debt while Table 7 docatsehe qualitative consistency of our results ssrauto
debt and credit card limits. Additionally, in Apmr Table A9, we introduce the interaction of sedocal
observables likely to be correlated with the mdiora for economic segregation. We separately icterank
with the share of homeowners, the share of nonwh#ilents, the county-level crime rate (computechfthe
Uniform Crime Reporting Statistics), and the disfir of housing quality (measured as the log raftiaverage
house prices at the top and bottom third from Hi)loOur results not only carry through but are aga#ly
unchanged even though a number of these additicteafictions are economically and statisticallyhgigant.
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4 Mode
In this section, we develop a stylized model inchhienders use local inequality to extract infoioratbout
applicant types in order to differentiate betweenrdwers of varying credit quality. Intuitively, asequality
increases it becomes easier for the lender tapglicants of different quality apart and so pricedit more
efficiently, which results in borrowing patternsndlar to those we find in the CCP data. We demaistthese
results under two types of market structure: pédempetition and monopoly.

Suppose there are two types of households: Hijlad Low (). To simplify algebra, we assume that
High type households never default on debt whilev ltgpe households default with probabildyand that the
share of High type households0is.'* The income for an individualof typej € {H, L} is given byy;;j = uj +
e; Whereuy > u, are constants arg~N(0,02). Hence,yy~N(uy,0?) andy,~N(u,,c?). Denote the pdfs

for each distribution witlp; and¢,. The average income in this economy s %HH + %HL-

We also assume banks obsesyanother signal about the quality of borrowers taen incorporate other
information about borrowers and is not observethleyeconometrician, to capture the idea that Iéécecs have
more information than econometricians. Similartte income signak; ; = p; + n; wherepy > p,, are constants

andn;~iid N(0,w?). Denote the pdfs for each distribution wigh andg,. To simplify algebra, we assume
without loss of generality that idiosyncratic shet® income and signalare independent.

Banks do not observe household types directly bey bbserve applicants’ incomes and signal
They can then infer the probability of a given tygnditional on observed income. Specifically, gsBayes
law, the posterior probability of being High type 1 household with signalsy; ands; is given by

Pr(y;|H) Pr(s;|H) Pr(1)

Pr(Hly;,s;) = pr(y;|H) Pr(s;|H) Pr(H)+Pr(y;|L) Pr(s;|L) Pr(L)

_ PV _ 2O (6)
PHODaH DL D)  PODAS)+H

where ®(y;) = ¢y (v;)) /o (v;)) andQ(s;) = qy(s;)/q.(s;) are the likelihood ratios. Given our assumptions,
we haved’ > 0 andQ’' > 0, that is, High type households are monotonicalbyrenlikely to be observed as

incomey or signals increase. Since there are only two types, it fadlohat

1
Pr(Lly;,s;) =1 —Pr(H|y;s;) = SODeGIT (7
CIearIy,apr(Llyi'si) <0, 9 Pr(L|yisi) <0, 3 Pr(H|yis:) >0, an la Pr(H|yisi) > 0.
6yi 65,: asi ayi

Banks potentially have two margins to determinecihdorrowers obtain loans: 1) price of loans; Znldenial
probability. While in reality banks are likely te@ both margins, we consider polar cases to #itesthe workings

14 We document in Appendix F that high-income housdshare indeed less likely to default than low-imeohouseholds.
15 Obviously, banks observe many other charactesistic households. We abstract from this additiomdibrimation
available to banks to simplify derivations. One niaterpret this approach as partialling out thetteeiocharacteristics.
Typically, one of the important indicators of inglual’s risk is individual’s credit score. In thaalysis in section 3, we
show that the household’s income rank has explapatmwer for the household’s debt even after wetrobrior the credit
score.
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of each margin separately. For the price margin,wileassume that banks can price discriminate dyoers
perfectly, banks compete in all population segmeantsl banks can freely obtain resources atRgté'perfect
competition”). For the loan denial probability, \@esume that there is only one bank serving the ehérkt this
bank is threatened by entry of other banks ifibaisk makes a profit (“monopoly”).
4.1 Perfect Competition
With perfect competition and free entry in eachdiag segment, banks can have only one interestfoata
borrower of a given quality. Since there is a amntim of borrower quality, there is also a continuafrmarkets
where each market is indexed by borrower qualignsider a set of households with incomeand signak;.
Given by the zero profit condition, the interesers set to

R*{(1 = d)Pr(Lly; si) + Pr(H|y;, s} = Ro =

Ro _ PIsD+L  _ Lap
(1-d) Pr(Llyps)+Pr(Hlyss) 0 @(r)Q(s)+(1-d) R G s0) (8)

Note that households with other levelsyadinds pay the same interest rate as longég;)Q(s;) = ®(y)Q(s).

R* =

That is, each lending segment is characterizedgajiraof signals

P3O +1 R*}'

S = {('y D Fmem +a-a -

whereR* is a sufficient statistic for the quality of bowers. Because the quality of borrowers is the seame
S(R™), every borrower ir§ (R*) obtains a loan at the interest r&® Borrowers of a worse quality are offered

loans at higher interest rates while borrowerseatfedn quality can obtain a loan with a lower instrate.
CIearIy, < 0 and— < 0 so that households with high incomand strong signal pay lower rates

because banks believe that these applicants amlikely to be of the High type. To see the trafibetweeny
ands, one can fixR*(y, s) at levelR* and find the required signalto allow a household to borrow at rd&é

given that this household has incogne

‘ (1 Ro-R*(1-d)
S0 =07 55 x e )

s’ (3/)

whereQ 1 is the inverse function @. Given thai)’ > 0 and®’ > 0, it follows that —= < 0.

Although we (unlike loan officers) do not obserignsl s in the data, we can still calculate the interest

rate paid on average by households with incgmehich is observed by the econometrician:

R'G) = [R',9){au(®); + ()3} ds (10)
Given thatR*(y, s) is differentiable and otherwise well behaved aif a&aw < 0, we have that
aR* a
L0 = 20 gy (9) 3+ quls)3)ds < 0. (11)

Hence, the model predicts that the interest rateeéees in household income.
One can then consider a thought experiment ofn@itie income inequality in this economy without

changing the mean level of income. Specifically, im@ease the distance betwgep andy; but the average
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incomey is held constarif Because income levels are now a stronger sigra a@fpplicant’s type, banks put a
higher weight on signal, hence the slope of the tradeoff becomes steapétakes a larger change in signal
to justify lending at a given interest rate (seadPa of Figure 8). This will lead to higher borrimg on the part
of low-income households in low-inequality regiotian in high-inequality regions because, in themfan,
banks are less sure about the underlying typeeofiplicant based on income and therefore are witieg to
lend to households of different incomes. In otherds, R, .4 (¥) < Rynequai(y) Wheny <y where “equal”
and “unequal” denote the level of inequality, captl by mean-preserving changes ip and y;, and
Requai () > Rynequa(y) Wheny > y. Panel B of Figure 8 illustrates this point. Iroghbanks charge lower
interest rates to high-income households thanueit@ome households and the difference in the ésterates
across income groups rises as the difference batthese groups widens.

We also study the effects of an increase in thpplguof credit. Since perfect competition priceslea
borrower type fairly, we can only increase the sy credit by reducing the cost of funds r&g Equation
(9) shows that a decreaseR shifts schedule*(y) down and hence all borrowers enjoy a lower costredit.

A combination of a positive credit supply shoék decreases) and an increase in inequality-<€ u;
increases) can reconcile how all types of housahialecteased their borrowing on average over theseoof the
mid 2000s with the cross-sectional variation intemtrumulation patterns across income groups é&rdiit
levels of local inequality documented in sectiormBe supply shock by itself can explain the forméile the
increased inequality by itself can explain only lgiter.

4.2. Monopoly

In practice, regulatory or informational constraifiimit the ability of banks to charge differentaas to different
borrowers and therefore they often can charge améyrate or a limited number of rates for a giwgre tof loan.
To keep exposition simple, suppose that i) the etanlas only one bank and it is threatened by esftigther
banks, ii) regulators impose a minimum quality ofrowers who may obtain loans (e.g., to qualify Foeddie
Mac and Fannie Mae guarantees), and iii) the bankcharge only one raie

To model assumption ii), we know tht(y, s) can be used as a sufficient statistic for theityuaf a
borrower. The bank makes a profit on borrowers Wit/s) such thatR*(y,s) < R and losses on borrowers

with (y,s) such thatR*(y,s) > R. We will denote the cutoff interest raR* that meets the regulation

16 Notice that increasing inequality in this manrembt innocuous. If we assumed instead that theanee of income
increased, we would generate the opposite dynamio@me would now be a less precise signal of.typedeling the
increase in inequality as an increase in the digtéetween types of incomes is consistent witmgtare of the increase in
U.S. inequality. Debaker et al. (2013) decompose iticrease in income inequality into permanent #adsitory
components and find the vast majority of the inseen inequality is due to dispersion in the peremircomponent of
income. We view the spread in mean income betwgpestas analogous to an increased dispersion ipehmanent
component of income.

17 Note that the value at which a household doesrperience a change in the interest rate is equhktaverage income
¥. This value is insensitive to the level of inedtyabecause by construction the average incomeli ¢onstant and at the
average income the likelihood ratios are equal tand therefore the posterior probability is equallt2. This value,
however, can move in more complex models and atex parameterizations.
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requirements. With this cutoff rate, the threakofry setsR at the level that yields zero profits as impligd b

assumption i).
- I Sy sy tsyer {1 = D Pr(Lly, s) + Pr(Hly, s)} (v)q(s)dyds

f f(y,s):R*(y,s)sR"‘ J)(y)ﬁ(s)dyds

Ro

whereg(y) = %¢L(y) + %qu(y) andg(s) = %qL(s) + %qH(s). Using the insight of equation (9), we can find

the threshold level of signalsuch that a bank will lend to a household wittomey:

" -1 1 Ro—R*(1-d)
St = Q0 oo X ) (12)
+
As before, we hav%sayﬂ < 0. The set of households who obtain a loan is:
) s)+1
S*HR™) = {(y,s):RO Q) > R+}
P(y)Q(s) + (1 —4d)
The probability that a household with incomnés denied a loan is
s*T)
Pr(denied loan|y) = Pr(s < s*(y)) = f q(s)ds
Since%;y) < 0, it follows that> Pr(den;eyd loanly) < : the probability of loan denial decreases in ineom

Now we repeat the thought experiment with risinggimality. Similar to the perfect competition case,
takes a larger increment in sigsato compensate for a given decrease in incprbecause income is a more
informative signal. As a result, if the quality tfnding standardR™ is held constant, some low-income
households may be denied a loan more often (seel Raaf Figure 8). Panel D of Figure 8 shows hbe t
denial probability changes with rising inequalitje probability of denial increases for househelith y < y
and decreases for households witts .

In contrast to the perfect competition case, thaopoly case has two ways to model an increaseein th
supply of credit. First, one can continue to mdtiak a reduction in the cost of funds r&te Second, one can
model it as an increase RT", i.e., relaxing lending standards to cover higik-thorrowers. In the first case, a
decrease iR, lowersR and thus makes credit cheaper for households RVitd R*. However, it does not
affect the interest rate for households wth> R* as these continue to receive no loans (they daremit
lending requirements). In the second case, anaseréR™ raisesR because a wider coverage now includes
high risk households and losses made on theserisigtrouseholds have to be compensated by largdit pr
margins on low-risk households. Thus, while créslihow available to a broader spectrum of househdle
cost of borrowing increases for relatively highénee borrowers. On the other hand, the probability o
obtaining a loan increases for all households &gdides*(y) shifts down. Hence, although high-income
households pay a higher price for credit, theydmmied loans less frequently.

Our model can therefore potentially account foydwer-income households accumulated relatively

less debt in high-inequality regions than did samiouseholds in low-inequality regions during #880s: if
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banks in higher-inequality regions placed more Weign applicants’ incomes as a signal of their ulydey
creditworthiness and therefore channeled more ftmdard higher-income applicants than did bankieiver-
inequality regions. Under perfect competition, thifferential access to funds is predicted to haptteough
higher interest rates being offered to low-incongpligants than high-income applicants whereas under
monopoly banking, our model predicts that bank$ reject low-income applicants more frequently thmgh-
income applicants. Because banking in the U.S.itidmetween these two extremes, we expect bothinsatg

be present in the data, a prediction to which we tn.

5 Resultsfrom the Mortgage Application Data

Our model suggests that variation in inequalityoasrregions should be reflected in the lendingsitets of -
banks if regional inequality can be used to infpplEants’ default probabilities. In this sectiomge use
information on mortgage applications from the peibliavailable Home Mortgage Disclosure Act database
(HMDA), 2001-2011, to test these implications.

The HMDA data are compiled from reports filed by rtgage lenders. The HMDA was passed by
Congress in 1975 and began requiring lenders taisudata reports in 1989. The initial intention tbe act
according to the Consumer Financial Protection 8urg2012) was to monitor the provision of credituitban
neighborhoods. Later requirements to submit daperte were intended to monitor discriminatory |ewgi
practices. Dell'Ariccia et al. (2012) find that HM\ covers between 77% and 95% of all mortgage oatgpns
from 2000 to 2006. Reporting criteria differ betwedepository and nondepository institutions andssyears.
Depository institutions have typically been reqdite report if they satisfy an asset threshold, enatkleast one
home mortgage, are federally regulated or insuaed, have a branch in a metropolitan area. Nondeppsi
institutions were required to report if the sharb@me mortgages exceeded a threshold of all lagmations, the
lender operated in an MSA, and met an asset tHoedhd004 the share threshold was supplementédanievel
of home mortgage originations to increase the @meof the market. Lenders who file reports incldd&iled
information on every mortgage application receibgdthe lender during a calendar year. All yearshef data
contain the size of the loan, income on the apjidica location of the property down to the censttt
demographics of the applicants, a lender identifiad the action taken on the loan. Since 2004idte include
additional information including a censored pictafeinterest rates and the loan’s lien status. \& a 50%
random sample of all HMDA records.

While the data are very detailed in many respéetetare some limitations. First, the data dadwsitify
“piggyback” loans, i.e. loans with subordinate fiarsed to finance a larger first-lien loan. Thesmsdary loans
can be used to lower financing costs and to aweggiirements that a loan being sold to Fannie Mdereddie
Mac be accompanied by private mortgage insuranaddfin does not meet certain standards. The HM&&Ss d
not require lenders to report piggyback loans éfytare issued as HELOCs and some piggyback loagist i
issued by a lender not covered by HMDA. But somggytback loans are included in the dataset andngivat

these loans are not identified as such, a reseangight infer a much lower loan-to-value ratio thidwe actual
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loan-to-value on the property. Since we are noé ablidentify piggyback loans reliably and thesank are
relatively small, we drop all applications where than-to-income (LTI) ratio is less than one. ®ecave conduct
the HMDA analysis at the county level rather thaa 2ip code level. Although the data are availablihe census
tract, we aggregate to the county in order to usasures of inequality consistent with the CCP amalyFinally,
in contrast to the CCP database, the HMDA datdes not track applicants over time and hence weotibave
a panel of applicants/borrowers.

We focus on measures of price or borrower coshawith the theoretical predictions of the modiétst,
we assess whether the probability of a loan bajegted depends on the applicant’s income rankifwihe pool
of applicants) interacted with regional inequal®gcond, we consider whether the probability ofltze being
“high-interest” (conditional on a loan applicatibeing approved) varies with inequality and the @ppk’s rank:®
Both of these can be interpreted as measuring ribe pf credit incurred by a borrower and so arpfakto
combine with the quantity information availabletive CCP. If banks use an applicant’s position @ iticome
distribution to help make inferences about thedtartying default risk, as suggested by the modieh tone would
expect banks to reject otherwise similar applicatiby high-income applicants less frequently irhkigequality
regions than in low-inequality regions, or equiwdlle to reject otherwise similar applications byvlincome
applicants more frequently in high-inequality regidhan in low-inequality regions. By the samedopgie should
observe low-income applicants being charged higtierest rates more frequently in high-inequaliégions than
in low-inequality regions.

We test these predictions by OLS using the foll@iegressiot

Outcome;y = aRank;. + yRank;., * Inequality. 001 + BZict + Ac + error, (6)
whereRank;., is the percentile rank of applicalst income within the pool of applicants in awi yeart.° The
inequality measure and the income distributiondafined at the county level. The explanatory vaeislin vector
Z;. include indicators for whether or not the loarfioisan owner-occupied property, several race caiegand
gender, as well as the interaction of the applisantome rank with the share of applicants indbenty who are
nonwhite?* We also control for the loan-to-income ratio ie tpplication. While we estimate these models with
county fixed effectg, the results are very similar if we use statedigéfects (Appendix Table A10). We restrict
the analysis to loans for home purchases, apgitativhere the loan-to-income ratio is at most eagpict not less
than one, loans where the reporter was explicitiking the origination decision (i.e. the loan was purchased),
and where the loan did not fail because of incotapkss or because it was not pre-approved. Nbtiteve retain

18 The HMDA reporting guidelines require lendersréport the spread between the Treasury yield aadntbrtgage
interest rate if the spread is greater than thezegmtage points for first-lien loans or five pettage points for subordinate-
lien loan.

19 Our baseline specification includes a county fiefféct because the county-level controls are saledailed as those we
can construct in the CCP data. Specifications aishate-level fixed effect are available in Appenible A10.

20 The results are also robust to measuring an applicrank in the distribution of income of all lsaolds in the county.
21 We include this interaction as an additional cointrecause previous studies have suggested thés bany treat
differentially areas with predominantly non-whitepulation. See Turner and Skidmore (1996) for &erev
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in the sample loans that are not denied but als@mginated. Excluding these does not change esulis. As
before, we are interested in the sign of the icteya term between income rank and inequalityAll standard
errors are clustered at the county level. The ssipas are estimated separately for each year;2001. We use
the log of the 90/10 income ratio derived from theome imputed in the CCP data in 2001 as the measfu
inequality, but the results are essentially theesasing the Gini coefficient derived from the Cendata.

We present the results for the probability of ppligation being rejected by a bank in Panel A abl€ 9
and results for the probability of a loan beinghhigterest, conditional on origination, in PanebBTable 9. For
the probability of being rejected, the key findiisgthat estimateq is consistently negative: applications from
high-ranked households in high-inequality regions kess likely to be rejected than those from hgiked
households in low-inequality regions. This resaliconsistent with the theoretical predictions af thodel in
which banks use an applicant's position in the lldnaome distribution, along with the dispersion tbfat
distribution, to make inferences about default.rigking our 2007 estimates, our results suggestahane
standard deviation increase in inequality will éase the probability of denial of a household é8f" percentile
rank relative to the 20percentile rank by approximately 2 percentagetpoifhis is comparable in magnitude to
the association between rank and the probabilityesfial. Similar results obtain with the probapilif the loan
being high-interest (this variable is not availabé&fore 2004): high-rank applicants are less litelyace higher
rate loans in high-inequality regions than in loweduality regions. Again, this is precisely theetygf price-
discrimination predicted by the model. Doing thensecalculation as above with the 2007 estimateingethat
high-rank households will see the probability ttrety pay a high interest loan decline by 1.5 pdeggn points
relative to low-rank household.

We also consider whether the size of the mortdadensive margin) varies across inequality regions
and ranks within the income distribution by usihg foan-to-income ratios associated with eadfinated
mortgage. We use the same controls as with refeptiobabilities (with the exception of LTI raticaiid county
fixed effects. The results for each year are piteskim Panel C of Table 9. Unlike mortgage rejactiates and
interest rate premia, we find little evidence th@dn-to-income ratios vary across households ifewmdiht
inequality regions. To the extent that requestethdoreflect demand for credit by households, wenafiyad
little evidence that demand-side factors relatedot@al inequality levels mattered for the debt-amalation
decisions of households. However, the HMDA datdees not allow us to establish if households hawkipte
loans or reliably link piggyback loans to standbrans. Thus, while our results point mainly towatdnnels

operating through credit supply more work needsetalone to better understand the intensive margin.

6 Conclusion

Using household level measures of debt over thesecof 2001 - 2012, we document a systematic letlwben
local levels of income inequality and the debt-aualation decisions of households of different ineolevels.
Specifically, we find that low-income householdslam-inequality regions accumulated more debt dytime
mid-2000s than did low-income households in higigumlity regions, with reverse (albeit smaller)eetf
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operating for high-income households. While thessults point to an economic channel linking ecomomi
inequality and borrowing by households of differamtome groups, they are inconsistent with “keepiipg
behavior as a significant force behind the incréa$musehold leveraging over this period.

Instead, we argue that inequality can affect hooiseldebt accumulation through effects on credit
supply. We develop a model where income inequaliptters for the information content of income when
evaluating a borrower’s credit risk. In the modhkls channel leads to relatively more credit baitigcated to
low-income applicants when local inequality is loather than high, since higher levels of inequatitply that
applicant incomes are stronger signals of creditiimess. Consistent with this view, we documeat thwer-
income mortgage applicants in high-inequality regiare rejected more frequently and pay higherésteates
than similar applicants in low-inequality regionghile it is possible that income inequality impligicaptures
other factors that are not included in the modeldata, our findings suggest that the causality betw
inequality and debt is running through the credggdy channel.

However, to the extent that this expansion in thppy/ of credit to lower-income households is
unlikely to continue (for example if it reflectedoae-time securitization of household debt), osuls suggest
that a continuation of recent trends toward risimegjuality is likely to reduce access to creditlfawer-income
households. Because limited access to credit cestiiouseholds’ ability to smooth their consumptiond to
engage in long-term investments (e.g. sending mildo college, retraining for different careersych
differential access to credit could ultimately hanegative longer term consequences. To the extantrtany of
these activities likely have positive societal emédities not captured in our model, such a dewelemt could

have important policy implications.
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FIGURE 1: INEQUALITY AND DEBT IN THE U.S.
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Note The figure plots the (log) ratio of the ®©@ercentile to the 0 percentile of incomes of U.S. households
(source: U.S. Census Bureau) and the ratio of tmidgand non-profit) total liabilities relative 8DP (source:
Federal Reserve).

FIGURE 2: INEQUALITY ACROSSU.S.COUNTIES
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Note The figure plots inequality in 2001 at the coulgyel. Inequality is measured as the difference®inexpected
incomes at the 90and 1@ percentiles computed from the CCP. Darker courgiesmore unequal with each bin
representing a quintile of the distribution acrosanties.

28



FIGURE 3: CROSSSECTIONAL INEQUALITY IN THE U.S.
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Note The figures plot the regional distribution of quality, measured using differences in expectedregme between the 9Gnd 18 percentiles as computed from the
CCP, at three levels of aggregation: zip code, tyoamd state level.

FIGURE 4: DEBT ACCUMULATION, INCOME RANK AND LOCAL INEQUALITY
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Note The figure plots qualitative predictions for vars theories of how borrowing and inequality interé&anel A shows a case where the local inequalifgrelevant for
borrowing. Panel B demonstrates a special cas&edpging up” when the debt accumulation of the sth®usehold does not depend on the local ineguatitl inequality
increases overall debt accumulation. Panel C shb&sase where increased inequality results in-lighme households borrowing more and low-incomeskbolds borrowing

less. See section 3.1 in the text for details.
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FIGURE5: THE ESTIMATED EFFECT OFONE SD INCREASE ININEQUALITY ON DEBT ACCUMULATION
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Note These figures plot the calculated effects of a standard deviation increase in inequality usstgreated coefficients on rank,
inequality, and the interaction of rank and inegudtom the baseline specification (Table 3: Pafgbnd the specification with full
controls (Table 3: Panel C).
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FIGURE 6. DEBT ACCUMULATION BY LOW AND HIGH-RANK HOUSEHOLDS
AND LOCAL INEQUALITY, NONPARAMETRIC SPECIFICATION
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Note: The figure shows the estimated coefficients amitttome rank dummies from the nonparametric regras of the relative
household debt accumulation between 2001 and tyeBach regression contains dummies for income ramkkinequality levels
(with low-rank households in low-inequality regiomsing the benchmark), and a full set of contr@sadibed in equation (3) and the
county-specific fixed effects. Mid-rank househoéde not shown in Figure. See section 3.4 for detail

FIGURE 7. GROWTH OFAVERAGE INCOME WITHIN DECILE AND INEQUALITY

1970-2000 1990-2000
o =
2 .
E E™ 1
B T
z z
E E
z B~

g0 100 0 20 40 8D B0 100
. Decile

Note The figure shows the estimated coefficients @yirality in the base year (i.e. 1970 or 1990) fregressing the log difference
of average income within a decile across metrosapeameasured inequality. Data are from IPUMS. diaéity is measured as the log
P90/P10. Confidence intervals are at the 95% legelg heteroskedasticity-robust standard errors eawth regression contains a
constant. See section 3.7 and Appendix C for metaild.
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FIGURE 8. THEORETICAL EFFECTS OF ACHANGE IN INEQUALITY ON PROVISION OFCREDIT

Bank Sorting and Inequality under Perfect Compmtiti
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Note Panel A shows the tradeoff'(y) for baseline income distribution (“equal”’) and mounequal income
distribution (“unequal”). Panel B plots the intereate for each income level and for different levef income
inequality. In Panels A and B banks can price disicrate perfectly. Panel C plots sets of househwiits signalss and
y who obtain loans for two “equal” and “unequal” amee distributions. Shaded regions indicate comhinat of
signals that yield an approved loan. Panel D gdazs deny probability as a function of income. bmEls C and D, the
bank changes the same rate for all applicants.
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TABLE 1: SUMMARY STATISTICS

Percentiles
Category Mean St. Dev. 10 25 50 75 920

Panel A: FRBNY Consumer Credit Panel/ Equifax, Q3 2001
Age of head of

household 42.6 11.0 28 34 42 51 58
Household size 3.0 1.7 1 2 3 4 5
Housing debt 56,423 99,938 0 0 12,351 83,255 196,08
Mortgage 54,658 97,202 0 0 8,267 81,163 153,000
HELOC 1,765 12,565 0 0 0 0 0
Auto loans 6,876 11,543 0 0 0 10,805 21,376
Credit card limit 30,459 36,452 1,609 6,127 19,320 42,288 73,009
Credit card balance 8,884 14,812 261 1,120 3,923 ,8810 22,893
Student loan 1,639 7,849 0 0 0 0 2,723
Consumer financing 929 5,861 0 0 0 178 2,033
Other debt 4,044 22,158 0 0 0 0 10,410
Total debt 78,794 112,167 1,368 9,437 42,311  181,33193,395
Bankruptcy rate 0.12 0.32 0.00 0.00 0.00 0.00 1.00
Delinquency rate 0.30 0.46 0.00 0.00 0.00 1.00 1.00
Credit card utilization

rate 0.41 0.35 0.02 0.09 0.31 0.71 0.99

Panel B: Survey of Consumer Finances, 2001
Age of head of

household 43.3 11.3 28 35 43 52 59
Household size 2.8 1.4 1 2 2 4 5
Housing debt 60,783 119,310 0 0 29,000 90,000 080,0
Mortgage debt 57,643 90,243 0 0 27,000 88,000 DO7,0
HELOC 3,140 73,981 0 0 0 0 0
Auto loans 5,182 8,280 0 0 0 8,700 18,000
Credit card limit 19,290 43,636 1,400 4,500 10,000 22,000 42,000
Credit card balance 2,586 5,459 0 0 500 3,000 7,200
Student loan 2,271 9,786 0 0 0 0 5,000
Consumer financing

Other debt

Total debt 70,822 121,163 30 6,140 40,000 101,00064,8D0
Bankruptcy rate 0.10 0.30 0.00 0.00 0.00 0.00 1.00
Delinquency rate 0.05 0.21 0.00 0.00 0.00 0.00 0.00
Credit card utilization

rate 0.27 0.34 0.00 0.00 0.08 0.47 0.93

Note The sample is restricted to the households wiH62 year old head of household. The statisticcal®ulated using
sampling weights. Housing debt is the sum of Mayegand HELOC. The credit card limit is the maximafthe
originally recorded credit card limit in the CCPdathe credit card balance. The credit card utiliratate is calculated
using this credit card limit. The table shows tkatistics from the sample restricted to observatiaith nonzero credit
card limit. The delinquency rate is a share of lebiatds with at least one member with an accourtish@0 day past due
or more. The number of observations in Panel A740,406. The number of observations in Panel Bli856.
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TABLE 2: INCOME STATISTICS FROMSCF(ACTUAL) AND CCP(IMPUTED)

Percentiles
Mean St. dev.
10 25 50 75 90
Ln(Y), actual in SCF 10.64 0.97 9.40 10.09 10.69 11.23 11.70
Ln(Y), imputed in CCP 10.91 1.18 9.55 10.15 10.81 11.51 12.36

Note The sample is restricted to households with B2 y.o. head of household and positive grossnmecolrhe sample

in the SCF is further restricted to remove outli&se text for more details.

TABLE 3: BASELINE RESULTS ONHOUSEHOLDDEBT ACCUMULATION

2002 2003 2004 2005 2006 2007 2008 2009 2010 20112012
Panel A: Parsimonious Specification

a -1.261%*  -1.898**  -2.885**  -3.416** -3.953**% - 4.128%*  -3.998*** -3.936%** -3.570**  -3.189** -2 .788**
(0.0237) (0.0352) (0.0431) (0.0521) (0.0606) (0465 (0.0649) (0.0643) (0.0603) (0.0562) (0.0520)

B -0.294**  -0.398***  -0.689*** -0.776%** -0.889***  -0.883*** -0.791%** -0.753%x* -0.610***  -0.466***  -0.309***
(0.00836) (0.0121) (0.0164) (0.0194) (0.0227) (8%)2  (0.0242) (0.0240) (0.0222) (0.0204) (0.0188)

y 0.544*** 0.816*** 1.387** 1.637*** 1.898*** 1.925* ** 1.784*** 1.732%* 1.477*%* 1.214%* 0.922%**
(0.0158 (0.0236 (0.0289 (0.0351 (0.0411 (0.0445 (0.0442 (0.0437 (0.0410 (0.0382 (0.0353

N 5,925,610 5,449,695 4,837,540 4,387,387 4,050,160,792%76 3,581,989 3,438,004 3,295,854  3,178,3240693}46

R? 0.01¢ 0.02¢ 0.037 0.03¢ 0.04« 0.04¢ 0.05: 0.057 0.057 0.05% 0.05¢

Panel B: Specification with Household Controls

a -1.504%*  2.271%*  -3.267**  -3.780*** -4.324%% - 4.501%*  -4.404%* -4.369%* -3.996%**  -3.585%* -3 .191%
(0.0219) (0.0316) (0.0418) (0.0516) (0.0614) (08)66 (0.0666) (0.0663) (0.0626) (0.0581) (0.0532)

B -0.376**  -0.478*=*  -0.708**  -0.800*** -0.924*** - (0.959***  -0.916*** -0.897*** -0.802***  -0.690***  -0.586***
(0.00864) (0.0119) (0.0163) (0.0199) (0.0238) (62 (0.0262) (0.0261) (0.0245) (0.0226) (0.0207)

y 0.667*** 0.957*+* 1.465% 1.725%* 2.012%  2.102%** 2.037%** 2.021%+* 1.826%** 1.602%** 1.381%*
(0.0147) (0.0213) (0.0283) (0.0351) (0.0419) (08)45 (0.0456) (0.0455) (0.0430) (0.0398) (0.0364)

N 5,760,889 5,287,480 4,685,165 4,245,118 3,921,002,6693090 3,468,476 3,327,359 3,186,253  3,069,980964%20

R? 0.050 0.063 0.069 0.076 0.081 0.086 0.095 0.098 040.1 0.114 0.125

Panel C: Specification with Household and-Level Control

a -1.500%**  -2.285%*  -3.246%** = -3.752%* -4.280%*% - 4.454%* 4 354%* -4.306%** -3.937*** 3533+ -3 .156%**
(0.0220) (0.0316) (0.0419) (0.0518) (0.0616) (0@W67 (0.0667) (0.0665) (0.0627) (0.0582) (0.0534)

B -0.330***  -0.428**  -0.632*** -0.712%* -0.823***  -0.850*** -0.811%** -0.795%x* -0.714**  0.613**  -0.525***
(0.00803) (0.0113) (0.0152) (0.0186) (0.0223) (08)2  (0.0246) (0.0248) (0.0234) (0.0218) (0.0202)

y 0.673*** 0.960*** 1.483% 1.750%* 2.045%**  2.139%** 2.078*** 2.061%+* 1.864*** 1.636%** 1.409%+*
(0.0147 (0.0213 (0.0283 (0.0352 (0.0421 (0.0459 (0.0457 (0.0456 (0.0430 (0.0399 (0.0365

N 5,760,889 5,287,480 4,685,165 4,245,118 3,921,002,6693090 3,468,476 3,327,359 3,186,253  3,069,980964%20

R 0.051 0.064 0.070 0.078 0.082 0.088 0.097 0.100 050.1 0.115 0.126

Panel D: Specification with Zip-Level Fixed Effects

a -1.506%**  -2.293%*  -3.260** = -3.771%* -4.302%%% - 4477 43730 -4.320%* -3.943**  .3.530%* -3 153%*
(0.111) (0.167) (0.269) (0.351) (0.419) (0.480) 47@) (0.463) (0.409) (0.359) (0.330)

y 0.674%** 0.962** 1.486%** 1.756%* 2.052%*% 2 147%** 2.085%** 2.066%** 1.864%** 1.637% 1.404%*
(0.0655) (0.101) (0.166) (0.226) (0.278) (0.325) 31B3) (0.307) (0.269) (0.232) (0.212)

N 5,760,889 5,287,480 4,685,165 4,245,118 3,921,002,6693090 3,468,476 3,327,359 3,186,253  3,069,980964%20

R? 0.05¢ 0.067 0.07¢ 0.08: 0.08¢ 0.09¢ 0.10: 0.10¢ 0.111 0.121 0.13:

Note The table presents estimates of specificatiohs(82, (4) and (5) in Panels A through D respedtiv Coefficienta
corresponds to the partial correlation of householtbme rank and debt accumulation between 2001 thadyear
indicated in each column (relative to household®2 income). Coefficienf corresponds to the partial correlation of
local inequality and household debt accumulationef@icient y is for the interaction of household income andaloc
inequality. Each regression is run at the houselwiél. Statistical significance at the 1%, 5%, a6 levels are
indicated by ***, ** and * respectively. In PanefsC, the standard errors are clustered by zip codBanel D, standard

errors are clustered by state. See sections 3.8.ard the text for details.
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TABLE 4: INTERACTIONS OFRANK WITH CREDIT SCORES ANDINITIAL DEBT LEVELS

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Panel A: Include Interaction of Household Credib&cand Local Inequali

a -1.361%*  -2.046***  -2.876**  -3.340*** -3.827** - 4.036**  -4.003*** -3.962** -3.625%* -3.244%%% D Q14%**
(0.0235 (0.0330 (0.0440 (0.0537 (0.0628 (0.0686 (0.0679 (0.0676 (0.0631 (0.0581 (0.0538

B -0.708**  -1.076**  -1.631**  -1.861** -2.133%*  -2.106%*  -1.905*** -1.890*** -1.729%* -1.583%** -1 .354%**
(0.0198) (0.0309) (0.0412) (0.0519) (0.0648) (0974 (0.0783) (0.0790) (0.0744) (0.0695) (0.0655)

y 0.577** 0.795** 1.227%*= 1.465%** 1.731%x* 1.849%** 1.835%* 1.823*** 1.647** 1.436%** 1.247%*=
(0.0158 (0.0223 (0.0298 (0.0366 (0.0430 (0.0471 (0.0465 (0.0464 (0.0433 (0.0399 (0.0368

0 -0.307**  -0.690**  -1.386***  -1.727%* -2.128**  -2.007**  -1553%* -1.359%* -1.269%** -1.281% -1 ,113%*
(0.0383) (0.0584) (0.0769) (0.0958) (0.117) (0.136) (0.142) (0.142) (0.132) (0.123) (0.116)

o 0.512%* 0.879*** 1.353%** 1.545%** 1.751%** 1.668*** 1.445%* 1.447 % 1.333%* 1.268*** 1.082%*
(0.0255 (0.0392 (0.0520 (0.0650 (0.0799 (0.0925 (0.0966 (0.0970 (0.0901 (0.0837 (0.0789

N 5,760,88 5,287,481 4,685,116  4,24511: 3,921,00. 3,669,09  3,468,47 3,327,35! 3,186,25.  3,069,98  2,964,52

R? 0.051 0.06¢ 0.07(¢ 0.07¢ 0.08: 0.08¢ 0.097 0.10( 0.10¢ 0.11f 0.12¢

Panel B: Include Interactioof Initial Household Debt Level and Local Inequy

a -0.516%*  -1.171%*  -2.017%*  -2.422%* -2.970%*  -3.069***  -2.916%** -2.814%* -2.316%** -1.848**  -1.309***
(0.0275) (0.0387) (0.0489) (0.0605) (0.0732) (0481 (0.0849) (0.0857) (0.0802) (0.0769) (0.0710)

B -0.312**  -0.452**  -0.670***  -0.758*** -0.878**  -0.910**  -0.881*** -0.857** -0.770%* -0.659*** -0 .556***
(0.0118 (0.0170 (0.0224 (0.0273 (0.0329 (0.0357 (0.0370 (0.0374 (0.0365 (0.0348 (0.0328

y 0.233** 0.530%** 0.987** 1.203*** 1.481%* 1.529%** 1.460%** 1.433%* 1.227 % 1.014%* 0.744%*
(0.0200) (0.0282) (0.0359) (0.0443) (0.0540) (0M60 (0.0627) (0.0631) (0.0591) (0.0564) (0.0520)

0 -2.97%*x -3.79%* -4.09%** -4 AT -4 59%x* -5.00%** =537 -5.49%*x -6.05%** -6.21 % -6.876**
(0.089) (0.115) (0.125) (0.147) (0.167) (0.200) 213 (0.213) (0.199) (0.214) (0.195)

o 1.67** 2.15%* 2.49%* 2.81%* 3.05%* 3.38%* 3.5 4r* 3.55%* 3.67%* 3.53%* 3.71%*
(0.063) (0.c824, (0.891 (0.105 (0122 (0.147 (0.158 (0153 (0.144 (0152 (0.140

N 3,989,837 3,643,849 3,203,783 2,882,349 2,650,275470570 2,329,399 2,228,828 2,128,927 2,047,809 9741388

R? 0.053 0.061 0.064 0.070 0.074 0.079 0.088 0.091 980.0 0.109 0.124

Note: The table presents estimates of specificationgBg (3”) in section 3.2. Coefficient corresponds to the partial correlation of housgélretome rank and
debt accumulation between 2001 and the year iretidateach column (relative to household’s 200bmne). Coefficienfs corresponds to the partial correlation
of local inequality and household debt accumulati@oefficienty is for the interaction of household income andaldnequality. Coefficient represent the
effects of each additional variable (household itrecore in Panel A and initial household debt lemePanel B) whilesc captures the interaction of this
household variable with local inequality. Each esgion is run at the household level. StatistigaliScance at the 1%, 5%, and 10% levels are adid by
*x +* and * respectively. The standard errorseatlustered by zip code. In Panel B, coefficigntds and the respective standard errors are multigdied
10"6.
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TABLE 5: HOUSEHOLDDEBT ACCUMULATION ALONG SUBSETS OFDATA

o b y N R?
Midwest -3.352%** -0.434*** 1.376*** 872,335 0.107
(0.135) (0.0526) (0.0965)
Northeas -4.440%** -0.908*** 2.316*** 739,940 0.076
Grouping Zip Codes by (0.130) (0.0494) (0.0945)
Census Region Soutt -4.619%* -0.802%* 2.157%= 1,328,024  0.101
(0.126) (0.0443) (0.0848)
Wes -6.233*** -1.369*** 3.101%** 728,791 0.061
(0.187) (0.0638) (0.121)
Low -6.205%** -1.476%** 3.375%* 999,984 0.093
(0.146) (0.0418) (0.0994)
Grouping Zip Codes by Middle -5.130%* -1.052%++ 2.548%* 1,185,568  0.102
Average Credit Ratings (0.106) (0.0404) (0.0731)
High -2.515%* -0.218%** 1.214% 1,483,538 0.101
(0.0705) (0.0286) (0.056)
Low -3.253%** -0.631*** 1.512%* 951,154  0.072
. . (0.166) (0.0599) (0.111)
Grouping ezr'gg?g:;t_by Middle — -4.175% 0772+ 1933 1,244,905  0.088
to-Income Ratios _ (0.120) (0.0443) (0.0819)
High -4.468%* -0.834*++ 2.083*+* 1,473,031  0.100
(0.0893) (0.0342) (0.0621)
Low -3.872%** -0.577%** 1.677** 836,451 0.114
. . 0.135 0.0510 0.0941
Grouping Zip Codes by uinie o ache g gpu  pgoame 820,675  0.083
House Price Growth
(2001-2005) _ (0.134) (0.0501) (0.0919)
High -5.650*** -1.206*** 2.828*** 799,557 0.061
(0.179) (0.0614) (0.119)
Low -4.707*** -0.915%** 2.232%* 795,208 0.051
Grouping Zip Codes b (0.144) (0.050) (0.093)
2001 Average HouseMiddle -4.256%* -0.728** 1.847%* 830,645 0.103
Price to Median (0.150) (0.057) (0.103)
Income Ratio High -3.702%** -0.566*** 1.585*+* 834,311 0.115
(0.151) (0.059) (0.106)

Note The table presents estimates of specificatiofn(#)e text using household debt accumulation f291 to 2007.
Panel A presents separate estimates for houseloglaked in each of four Census regions. Panel Bemits estimates
for households in zip codes with low, medium, gghhinitial average credit ratings. Panel C presestimates for
households in zip codes with low, medium, or higitial average debt-to-income ratios. Panel D dgmmses zip codes
by growth of house prices between 2001 and 200&.s8etion 3.3 in the text for details. Coefficiantorresponds to
the partial correlation of household income ranll debt accumulation between 2001 and the yearateticin each
column (relative to household’s 2001 income). Ciogfht # corresponds to the partial correlation of locadguality
and household debt accumulation. Coefficigiig for the interaction of household income andaldnequality. Each
regression is run at the household level. Stasiktignificance at the 1%, 5%, and 10% levels adécated by ***, **,
and * respectively. The standard errors are clastéy zip code.
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TABLE 6: MEASURING INEQUALITY AT DIFFERENTLEVELS OFAGGREGATION

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Panel A: Inequality at the County Level
o -1.174%% 2,073%* -3.108***  -3.949%** .4 756**  -5179** .5055** -4,996** -4.560** -4.176%*  -3.631***
(0.0865)  (0.134) (0.252) (0.321) (0.417) (0.475)  .493) (0.475) (0.452) (0.445) (0.382)
p -0.241**  -0.310***  -0.456*** -0.548*** -0.570***  -0.578** -0.519** -0.501** -0.475** -0.467** -0.426**
(0.0423)  (0.0671) (0.118) (0.156) (0.202) (0.232) 0.287) (0.227) (0.209) (0.200) (0.174)
y 0.583*** 0.986*** 1.531*%*  1.993***  2.4]3%* 2.626*** 2 545%** 2.534%+x D 343+ 2.170%*  1.861***
(0.0606)  (0.0943) (0.175) (0.224) (0.293) (0.334) 0.344) (0.330) (0.314) (0.309) (0.264)
N 6,640,571  6,257,49! 5,782,49. 543554 517290 4,966,74 4,793,45 4,661,837 4,531,49 4,421,49  4,319,30
R? 0.048 0.060 0.070 0.079 0.086 0.091 0.098 0.100 050.1 0.115 0.125
Panel B: Inequality at the State Level
o -0.926** -1.710%**  -2.852** -4.036***  -5.283**  5651%*  -5592%*  .5545%*  -4.969**  -4.482** -3.795%**
(0.359) (0.543) (1.114) (1.412) (1.667) (1.697)  6(R) (1.525) (1.476) (1.391) (1.224)
p 0.0490 0.0832 0.254 0.478 0.839** 1.317%7*  1.472%* 1.386**  1.193** 1.001** 0.863*
(0.114) (0.163) (0.259) (0.324) (0.394) (0.458)  46®) (0.483) (0.479) (0.468) (0.447)
Y 0.39: 0.695’ 1.280° 1.937** 2.616** 2.765** 2.711* 2.708** 2.409** 2.170** 1.770**
(0.242 (0.367 (0.754 (0.954 (1.125 (1.142) (1.080 (1.019 (0.988 (0.929 (0.815
N 7,015,120  6,704,09- 6,344,11 6,088,59 5,893,400 5,737,57 5,600,03" 5,490,38 5,383,10. 5,293,82 5,209,92
R? 0.049 0.062 0.071 0.082 0.088 0.092 0.099 0.100 080.1 0.119 0.130

Note The table presents estimates of specificationvdi)e measuring inequality at different levelsagfgregation: county level in Panel A and statellave
Panel B. Coefficientt corresponds to the partial correlation of housghntome rank and debt accumulation between 20@1tlae year indicated in each
column (relative to household’s 2001 income). Cogfht f corresponds to the partial correlation of locatéguality and household debt accumulation.
Coefficienty is for the interaction of household income andalaoequality. Each regression is run at the hoolsklevel. Statistical significance at the 1%, 5%,
and 10% levels are indicated by ***, ** and * resgively. See section 3.4 in the text for details.
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TABLE 7:RESULTS BYFORM OFDEBT

2002 2003 2004 2005 2006 2007 2008 2009 2010 20112012
Panel A: Mortgage Debt Accumulation
o  -1.280%  -1.991%*  2.840%* .3 243%+ 3 727%%  _3981%* 3 873%k 3 T77QM  3504%+  3]Q2% D 8EgH*
(0.0184) (0.0274) (0.0375) (0.0452) (0.0538) (0459 (0.0587) (0.0574) (0.0558) (0.0526) (0.0479)
B -0.320%*  -0.444%  .0.631%*  -0.699%*  .0.798**  -0.846%*  -0.805** -0.778%* .0.707**  -0.617%* -0 .539%*
(0.00659)  (0.00962)  (0.0134) (0.0161) (0.0193)  20%) (0.0213) (0.0211) (0.0204) (0.0193) (0.0177)
y 0.660%**  0.985%** 1 45%%* 1.673%*  1.938%* 2078  1.093%*  10932% ] 757v ] B55Gem ] 358k
(0.0123) (0.0184) (0.0254) (0.0309) (0.0370) (0m41  (0.0404) (0.0395) (0.0384) (0.0362) (0.0329)
N 5,759,852 5286511 4,684,155 4,244,067 3,919,926667P64 3,467,395 3,326,197 3,185,052  3,068,7739632305
R? 0.052 0.063 0.068 0.078 0.082 0.087 0.096 0.099 090.1  0.122 0.138
Panel B: Auto Debt Accumulation
a  -0.084%*  .0.162%*  -0.210%*  .0.231**  -0.228** -(0.215%* _0.187** -0.155%* .0.132%*  .0.133%* .0 142+
(0.00311)  (0.00427)  (0.00507) (0.00543)  (0.00577)0.0¢581)  (0.00584)  (0.00567)  (0.00547)  (0.00556) .0G8H53)
B -0.021%*  .0.032%*  -0.038**  -0.039** -0.037** -0.037%* -0.030%* -0.024** -0.019%* -0.020%* -0.022%*
(0.001%) (0.0017) (0.0027) (0.002%) (0.0029) (0.0029) (0.0029) (0.002%) (0.0027) (0.0027) (0.0021
y  0.0185** (0.0302** 0.0426**  0.0494** 0.0486** 0.0450*** 0.0365*** 0.0249** 0.0209*** 0.0268***  (0.0325***
(0.0020) (0.0028) (0.0034) (0.0036) (0.0038) (09)03  (0.0039) (0.0038) (0.0037) (0.0038) (0.0037)
N 576163 5287,86. 4,684,95 424481 3,920,75 3,669,000 3,468,55 3,327,42 3,186,261 3,069,94  2,964,80'
R? 0.083 0.110 0.123 0.134 0.144 0.157 0.181 0.199 180.2  0.225 0.223
Panel C: Credit Card Balance Accumulation
a  -0.025%*  .0.010%** 0.001 0.009**  0.0161** 0.006 M11** 0.014**  0.030***  0.035**  (.042%*
(0.0029 (0.003)) (0.0039) (0.0049) (0.004¢) (0.005) (0.005/) (0.0056) (0.005)) (0.005() (0.0049)
B -0.001 0.001 0.000 0.004%** 0.004** -0.0006 -0.003 -0.003 -0.002 -0.004** -0.002
(0.0009) (0.0012) (0.0015) (0.0016) (0.0018) (0901 (0.0021) (0.0022) (0.0020) (0.0019) (0.0019)
y 0.002 0.001 0.004 0.000 0.003 0.009***  0.0109*** QD1**  0.018**  0.026**  0.025***
(0.0019 (0.002;) (0.002¢) (0.0029 (0.032) (0.003)  (0.00361  (0.003%) (0.003Y) (0.0039) (0.0039)
N 5,237,881 4,732,993 4,180,223 3,803,376 3,512,256293:%89 3,111,432 2,946,655 2,798,244  2,699,6786022128
R? 0.085 0.119 0.144 0.155 0.168 0.162 0.161 0.166 040.2  0.234 0.252
Panel D: Credit Card Limits
a  -0.171%*  -0.231%*  -0.282%*  -0.405%*  -0.409%*  -0.476%* -0.473**  -0.404%* -0.337** -0.315%*  -0.303%*
(0.00650)  (0.00881)  (0.0103) (0.0136) (0.0140)  16%) (0.0175) (0.0163) (0.0147) (0.0143) (0.0150)
B 0.0177**  0.0256** -0.0441%*  0.0441** 0.0491** 0.0599** 0.0478** 0.0787** 0.0898** 0.0768** 0.0604***
(0.00219  (0.00295  (0.00354 (0.00460  (0.00482  (0.00577 (0.00630  (0.00584  (0.00532  (0.00545  (0.00577
y  0.00691 0.0268**  0.0634**  0.0378** 0.0637** 0.818** 0.0403** 0.138**  (.171**  (.183**  (0.171***
(0.00431)  (0.00589)  (0.00693) (0.00913)  (0.00946)0.0112) (0.0119) (0.0111) (0.00992)  (0.00972) (01
N  5,761,30. 5,287,94 468524 424525 3,920,95 3,669,29. 3,468,77. 3,327,34 3,186164 3,069,85 2,964,56:
R? 0.043 0.070 0.103 0.128 0.131 0.139 0.143 0.164 030.2  0.226 0.236

Note The table presents estimates of specificatiorigq@jlifferent forms of household debt: mortgagbtda Panel A,
auto debt in Panel B, credit card balances in P@raatd credit card limits in Panel D. Coefficientorresponds to the
partial correlation of household income rank anttdeccumulation between 2001 and the year indicategach
column (relative to household’s 2001 income). Ciogfht # corresponds to the partial correlation of locadguality
and household debt accumulation. Coefficigiig for the interaction of household income andaldnequality. Each
regression is run at the household level. Statiktignificance at the 1%, 5%, and 10% levels adécated by ***, **,
and * respectively. See section 3.6 in the textfeils.
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TABLE 8: THE LOG F0/PLORATIO OF INCOME IN 2000AND EARLIER Y EARSACROSSMETROAREAS

1970 1980 1990
B 0.328%** 0.697*** 0.734%x*
(0.0615 (0.0843 (0.0643
N 117 117 117
R? 0.204 0.379 0.526

Note The table presents estimates of the extent talwhigged measured inequality predicts current oveds
inequality. For example, the column labeled 19#fresses the log p90/p10 ratio for metro areas 002t the same
measure from 1970. The same metro areas are useéryyear. Statistical significance at the 1%, 8% 10% levels
are indicated by ***, ** and * respectively. Seeddion 3.7 in the text for more detalils.
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TABLE 9: MORTGAGEAPPLICATIONS ANDLOCAL INEQUALITY

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011
Panel A: Probability of Mortgage Application BeiRgjected
a -0.084***  -0.066*** -0.055*** -0.055*** -0.057*** - 0.045*** -0.038*** -0.041*** -0.039*** -0.055*** -0 .060***
(0.003) (0.003) (0.002) (0.001) (0.001) (0.002) 00R) (0.002) (0.001) (0.002) (0.002)
Y -0.394**  -0.336*** -0.279*** -0.343*** -0.305*** -0.309*** -0.239*** -0.179*** -0.201*** -0.273*** -0.375%**
(0.083) (0.069) (0.051) (0.035) (0.033) (0.036) 08%) (0.038) (0.030) (0.035) (0.042)
N 2,244,576 2,264,842 2,520,425 2,635,465 2,970,262 ,663236 1,921,810 1,319,589 1,240,372 1,275,372 1963404
R? 0.124 0.095 0.068 0.061 0.056 0.056 0.059 0.048 420.0 0.055 0.071
Panel B: Probability of Mortgage Being High-Intetésonditional on origination)
a -0.038*** -0.062*** -0.051*** -0.037*** -0.045*** -0.024*** -0.023*** -0.029***
(0.001) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
Y -0.183*** -0.220*** -0.202*** -0.171%** -0.126*** -0.073*** -0.106*** -0.132%**
(0.026) (0.038) (0.038) (0.030) (0.027) (0.014) (0.015) (0.021)
N 1,995,005 2,148,955 1,892,164 1,384,324 959,930 944,620 955,348 894,997
R? 0.110 0.173 0.139 0.080 0.065 0.047 0.082 0.082
Panel C: Loan-to-Income Ratios of Mortgage Applimas (conditional on origination)
a  -0.164**  -0.174** -0.184*** -0.174%** -0.165*** -0.167*** -0.182*** -0.183*** -0.189*** -0.192%** -0.186***
(0.002) (0.002) (0.002) (0.002) (0.001) (0.002) o) (0.002) (0.002) (0.002) (0.002)
Y 0.09¢ 0.071 0.129** 0.145%** 0.085* 0.089* 0.174%+* 0.107** 0.02¢ 0.110** 0.08¢
(0.067) (0.065) (0.065) (0.050) (0.044) (0.046) 04%) (0.054) (0.054) (0.054) (0.057)
N 1,74¢€,16C 1,794,892 1,971,14¢ 1,995,00% 2,14€,95¢ 1,892,164 1,384,324 95¢,93C 944,62( 95E,34¢ 894,997
R? 0.327 0.352 0.376 0.355 0.340 0.351 0.369 0.379 040.4 0.409 0.391

Note The table presents estimates of specificationf@6)different dependent variables as indicatec@ch panel. Coefficient corresponds to the partial
correlation of applicant’s income rank and the delesmt variable in the year indicated by each colu@wefficienty corresponds to the interaction of local
inequality and applicant’s income rank. Standardrerare clustered at the county level and eaatessgpn includes a county fixed effects as weti@grols for
race, sex, occupancy, the LTI, and an interactforamk with the fraction of non-white applicanthel'sample is restricted to home purchase loansamithT|
between 1 and 8 and where the application waseajetted by the borrower or failed for a reason othan denial. Statistical significance at the B%, and
10% levels are indicated by ***, ** and * respeatly. See section 5 in the text for more details.
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APPENDIX A: ADDITIONAL TABLESAND FIGURES

APPENDIXTABLE Al: ROBUSTNESS TAJSING IRSMEASURE OFINEQUALITY

2002

2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Panel A: Parsimonious Specification
o -1.253**  -1.979**  -25683**  -3.012%*  -3.382**  -3515%*  -3.494**  -3.496** -3.397**  -3.246** -3.066***
(0.0226  (0.0339 (0.0450  (0.0540  (0.0643  (0.0698 (0.0701 (0.0686 (0.0645 (0.0588 (0.0538
p -0.989*** 1443 2.071%*  -2.328%*  -2.574%* -2.579%* 23750 2271 2,024 1776 -1.465%*
(0.0273) (0.0400) (0.0569) (0.0678) (0.0824) (0488 (0.0896) (0.0879) (0.0814) (0.0731) (0.0665)
Y 1.840*** 2.972%* 4.036*** 4.646%** 5.141%** 5.133*** 4.901%** 4.872%** 4.620%** 4.256%** 3.772%**
(0.0507)  (0.0761) (0.101) (0.121) (0.144) (0.156) 0.167) (0.154) (0.146) (0.133) (0.122)
N 5924528 5,448,827 4,837,107 4,387,141  4,049,986792%41 3,581,901 3,437,924 3,295,791  3,178,2620693405
R? 0.01¢ 0.02¢ 0.03! 0.037 0.04¢ 0.04¢ 0.05: 0.051 0.051 0.05:¢ 0.05¢
Panel B: Specification with Household and Regidbantrols
o -1.111%*  -1.864%*  -2.504**  _2.903**  -3.294***  -3.398**  -3.348**  -3.350**  -3.131**  -2.861**  -2.602***
(0.0239) (0.0347) (0.0481) (0.0582) (0.0697) (06)75 (0.0760) (0.0749) (0.0714) (0.0656) (0.0596)
p -0.735%*  -1.066**  -1.482**  -1.690***  -1.918**  -1.941%*  -1.828%* -1.802**  -1.662***  -1475%*  -1.280%*
(0.0285) (0.0406) (0.0571) (0.0690) (0.0848) (0392  (0.0940) (0.0937) (0.0891) (0.0822) (0.0767)
Y 1.399%** 2.309*** 3.349%** 4.014*** 4.702%** 4.856*** 4.764*** 4.822%** 4.498*** 4.033*** 3.527***
(0.0535)  (0.0782) (0.109) (0.132) (0.159) (0.172) 0.173) (0.171) (0.164) (0.151) (0.137)
N 5,759,82 5,286,63 4,684,75 4,24490. 3,920,86. 3,668,98 3,468,41 3,327,29 3,186,21  3,069,94  2,964,48
R? 0.051 0.063 0.069 0.077 0.082 0.087 0.096 0.099 050.1 0.115 0.126

Note The table reproduces the results in Table 3 eftéxt using the IRS measure of inequality rathantthe CCP
measure. See section 3.2 in the text for details.
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APPENDIXTABLE A2: ALTERNATIVE SPECIFICATIONS

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Panel A: Inverse of Expected Income Replaces Rank

a  12,256%*  20,148%*  31,725%*  41280** 51,544%*  57,390%* 57,878+ 57,050+ 54,275+ 49,893%+ 45,220%*
(322.6) (532.1 (709.6' (888.7 (1,092 (1,236 (1,285 (1,280 (1,226 (1,162 (1,104

B 0.0232%*  0.0949%*  0.184**  (0.285% 0.373%*  0.417* 0.413** 0.418*+ 0.384%* 0.340%* 0.285%*
(0.00501)  (0.00775)  (0.0104) (0.0125) (0.0154) 190 (0.0176) (0.0174) (0.0168) (0.0160) (0.0151)

y B710%*  -9588% 167414 -21,889%*  27505%* 30,1007 -20,440%*%  -20231%* .26 304%* 23,000%*  -10,328%
(210.5) (347.9) (462.3) (580.3) (716.5) (812.8) 589 (842.0) (806.7) (766.2) (728.2)

N 5092561 544969  4,83754  4,387,38 4,050,161  3,792,57 3,581,98 3,438,00. 3,295,85. 3,178,32.  3,069,44

R*>  0.009 0.013 0.017 0.023 0.030 0.035 0.038 0.037 370.0 0.038 0.040

Panel B: Outcome is the Log Difference of Debt

o  -0.968%* 1052 1138 1087 -1.072%*  -1.052%* -1.003%** -1.032%* -0.979% -0.688%*  -0.497*
(0.0468) (0.0533) (0.0606) (0.0655) (0.0704) (0875  (0.0789) (0.0830) (0.0865) (0.0878) (0.0888)

B -0.224%%  0.220%*  -0.271%*  -0.190%*  -0.131%*  -0.143%*  .0.0965**  -0.0860** -0.0696* 0.0652 0.157
(0.0180 (0.0245 (0.0280 (0.0304 (0.0328 (0.0358 (0.0372 (0.0391 (0.0407 (0.0408 (0.0411

y 0305  0.317%*  0.375% 0.305%* 0.284%+ 0.275%** 0.252%* 0.280** 0.258** 0.0548 -0.0890
(0.0317) (0.0392) (0.0445) (0.0482) (0.0519) (09)55  (0.0584) (0.0615) (0.0641) (0.0652) (0.0659)

N 5002373 5415846 4,799,396 4,348,711 4,016,151 ,758%88 3,552,808 3,407,838 3,263,343 3,144,516 036315

R*  0.06: 0.07¢ 0.07¢ 0.08: 0.08: 0.08¢ 0.08¢ 0.08( 0.07¢ 0.08t 0.091

Note This table estimates two alternative specifiaaioo check if the imputation is inducing a spusi@orrelation.
Panel A replaces rank with the inverse of expertedme while Panel B uses the log difference oft dstkthe outcome
instead of the change in debt normalized by initiebme. See section 3.2 in the text for details.
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APPENDIXTABLE A3: ROBUSTNESS TAGEOGRAPHICREGION

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Panel A: Midwest

a -1.424%** -2.168*** -2.9171%** -3.107*** -3.431%** - 3.352%** -3.212%** -3.219*** -2.867** -2.581*** -2 .289%**
(0.0492) (0.0655) (0.0914) (0.108) (0.129) (0.135)  (0.134) (0.133) (0.125) (0.121) (0.111)

p -0.316*** -0.388*** -0.512%** -0.482*** -0.486*** - 0.434%* -0.365*** -0.360*** -0.312%** -0.241 %+ -0.186***
(0.0196) (0.0254) (0.0350) (0.0407) (0.0496) (0852  (0.0533) (0.0524) (0.0494) (0.0473) (0.0439)

y 0.633*** 0.898*** 1.282%** 1.329%** 1.477*** 1.376*** 1.298*** 1.305%** 1.12]%** 0.977*** 0.796***
(0.0346) (0.0463) (0.0653) (0.0770) (0.0918) (0%)96  (0.0964) (0.0951) (0.0900) (0.0866) (0.0802)

N 1,308,80! 1,212,81! 1,087,58! 992,80! 925,22! 872,33! 828,43 798,19¢ 766,61¢ 741,06: 716,76¢

R? 0.058 0.071 0.080 0.091 0.099 0.107 0.118 0.122 320.1 0.146 0.160

Panel B: Northeast

a -1.340%*** -2.191%* -3.168*** -3.593*** -4.230*** -4 .440*** -4.409*** -4.348*** -4.278*** -3.908** -3.546***
(0.0420) (0.0597) (0.0845) (0.101) (0.118) (0.130)  (0.140) (0.141) (0.131) (0.123) (0.113)

p -0.288*** -0.432*** -0.677*+* -0.721 % -0.860*** - 0.908*** -0.891*** -0.880*** -0.901*** -0.795%** -0 .724%*
(0.0157 (0.0227 (0.0313 (0.0377 (0.0445 (0.0494 (0.0526 (0.0539 (0.0503 (0.0479 (0.0439

y 0.649*** 1.016** 1.609*** 1.821** 2.190*** 2.316*** 2.284*** 2.236*** 2.224%** 1.998*** 1.769**
(0.0300) (0.0431) (0.0615) (0.0734) (0.0858) (0594  (0.102) (0.103) (0.0960) (0.0907) (0.0830)

N 1,106,735 1,026,724 920,777 844,493 786,659 739,940 702,595 674,926 646,314 624,174 603,615

R2 0.046 0.056 0.060 0.068 0.072 0.076 0.083 0.086 910.0 0.099 0.108

PanelC: Soutl

a -1.644*** -2.445%%* -3.515%* -4.054*** -4 570*** - 4.619*** -4.487*** -4.376*** -3.897** -3.449*** -3.000***
(0.0428 (0.0647 (0.0825 (0.0995 (0.118 (0.126 (0.126 (0.128 (0.126 (0.117 (0.110

p -0.370*** -0.453*** -0.677*+* -0.755%** -0.859*** - 0.802*** -0.740%* -0.721 % -0.607*** -0.51 1% -0 .401%**
(0.0149) (0.0218) (0.0283) (0.0345) (0.0407) (0344 (0.0447) (0.0457) (0.0448) (0.0423) (0.0404)

y 0.738*** 1.026*** 1.608*** 1.886** 2.161*** 2.157*** 2.090*** 2.059*** 1.811** 1.576** 1.314%*
(0.0281) (0.0428) (0.0548) (0.0662) (0.0791) (08)84  (0.0844) (0.0860) (0.0844) (0.0784) (0.0736)

N 2,102,122 1,929,243 1,706,947 1,545,476 1,423,138 ,3281024 1,251,862 1,200,950 1,150,984 1,107,236 0691051

R? 0.05¢ 0.07: 0.C82 0.091 0.09¢ 0.101] 0.11( 0.11¢/ 0.12] 0.13:¢ 0.14°f

Panel D: West

o -2.053*** -3.262*** -4.642%** -5.396*** -5.951*** -6.233%** -6.116*** -6.141*** -5.745%** -5.119*** -4 .680***
(0.0603 (0.0884 (0.111 (0.146 (0.171 (0.187 (0.183 (0.184 (0.168 (0.154 (0.134

p -0.482%** -0.707*** -1.009*** -1.178*** -1.307*** - 1.369*** -1.334%** -1.333*** -1.234%** -1.079*** -0 .969***
(0.0206) (0.0290) (0.0377) (0.0485) (0.0569) (08)63  (0.0607) (0.0618) (0.0565) (0.0518) (0.0458)

y 0.970*** 1.500%** 2.221%** 2.630*** 2.933*** 3.101*** 3.015%** 3.034*** 2.827*** 2.462%** 2.214***
(0.0381) (0.0563) (0.0707) (0.0939) (0.110) (0.121) (0.118) (0.118) (0.108) (0.0991) (0.0857)

N 1,243,226 1,118,695 969,852 862,344 785,980 728,791 685,582 653,287 622,336 597,507 575,085

R? 0.042 0.053 0.055 0.058 0.059 0.061 0.067 0.068 710.0 0.078 0.089

Note The table replicates the results in Panel A dfl@® in the main text for each year in our sample.
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APPENDIXTABLE A4: ROBUSTNESS TOAVERAGE LOCAL CREDIT RATINGS

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Dz

Pane A: Low Average Credit Ratin

1.156%*  -2.037%* -3.231%* 4323 5510%* -6 .205%*%  -6.321%* -6.186%*  -5.658%*  -5038%* -4 5030
(0.0397)  (0.0576)  (0.0795)  (0.102) (0.129) (0.146) (0.149) (0.149) (0.143) (0.134) (0.128)

0.301%*  -0.480%*  -0.778%* -1.018%* -1.317%* -1.476%* -1.467%* -1.430%* 1326 -1.163%*  -1.019%*
(0.0109)  (0.0160)  (0.0222)  (0.0289)  (0.0366) (0841 (0.0431)  (0.0439)  (0.0428)  (0.0406)  (0.0390)
0.527+*  0.930%*  1.600%**  2.241%*  2.0940%* 33754  3.445%* 33830 31000 2.746%*% 24154
(0.0265)  (0.0386)  (0.0533)  (0.0691)  (0.0876) (0499 (0.101) (0.102)  (0.0974)  (0.0910)  (0.0868)

1,811,119 1,646,108 1,417,541 1,237,579 1,104,95699,984 917,093 864,212 812,178 763,809 724,970
0.056 0.074 0.078 0.088 0.091 0.093 0.099 0.101 110.1 0.126 0.140

Dz

Panel E: Medium Average Local Credit Ratir

1.823%* 27820  -3.850%*  -4.408%* -4.945%% .5 130%*%  -5130%* 5007+  -4.605%*  -4210%* -3, 735%*
(0.0350)  (0.0501)  (0.0672)  (0.0821)  (0.0964)  (0)106 (0.107) (0.109) (0.103)  (0.0980)  (0.0929)

0.456%*  -0.500%*  -0.836** -0.009%* -1.C16%* -1.052%* -1.035%* -1.016%* -0.891** -0.793%*  -0.675**
(0.0131)  (0.0187)  (0.0252)  (0.0306)  (0.0364) (0440 (0.0410)  (0.0422)  (0.0399)  (0.0384)  (0.0361)
0.858%*  1.248%*  1845%*  2130%*  2446%*  2548%**  2E57R 2543 2 GQME D050 ] 784%
(0.0235  (0.0338  (0.0456  (0.0560  (0.0662  (0.0731  (0.0734  (0.0749  (0.0706  (0.0673  (0.0636

1,909,729 1,731,649 1,518,184 1,372,935 1,266,001185})568 1,121,637 1,075,671 1,029,356 992,664 7938,
0.05¢ 0.07(¢ 0.0€2 0.092 0.09¢ 0.10Z 0.111 0.11: 0.11¢ 0.12¢ 0.133%

RZ

Panel C: High Average Local Credit Ratings

1.200%  -1.654%*  -2.103%%  -2.243%% 2 A1GM* L2 BIGR D AAQR D ABQR 2 381R 2 170%* -2 0B63F
(0.0312  (0.0417  (0.0523  (0.0590  (0.0654  (0.0705  (0.0698  (0.0721  (0.0699  (0.0656  (0.0610

0.208%*  -0.195%*  -0.238%*  -0.222% 02285  -0.218%*  -0.199%*  -0.199%*  -0.191**  -0.140%*  -0.120%*
(0.0120)  (0.0165)  (0.0210)  (0.0234)  (0.0260)  (0G)28 (0.0285)  (0.0286)  (0.0278)  (0.0263)  (0.0243)
0.503%* 0577+  0.831%*  0.888**  0.981%*  1.016%*  0.965%*  0.960**  0.890**  0.740%**  0.634**
(0.0212)  (0.0285)  (0.0358)  (0.0404)  (0.0451)  (0G)M8 (0.0481)  (0.0497)  (0.0483)  (0.0452)  (0.0419)

2,040,041 1,909,723 1,749,440 1,634,604 1,550,0454831538 1,429,746 1,387,476 1,344,719 1,313,5072801779
0.06: 0.07¢ 0.08¢ 0.09¢ 0.09% 0.101 0.111 0.11: 0.11% 0.12¢ 0.13¢

Note The table replicates the results in Panel B dfi@& in the main text for each year in our sample.
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APPENDIXTABLE A5: ROBUSTNESS TOAVERAGE INITIAL DEBT-TO-INCOME RATIOS

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

RZ

Panel A: Low Average Initial Debt-to-Income Ratio

-0.995%% L1453 22020 2.675% 3178 32530 3174 L3.070%% 27388 L2453+ D 235wk
(0.0410)  (0.0668)  (0.0934)  (0.122) (0.148) (0.166) (0.165) (0.163) (0.165) (0.152) (0.139)

-0.234%%  -0.262%% 0410  -0.505%*  -0.619%* - 0.631%* -0.502%*  -0.565%*  -0.503%* -0.431%* -0 .378%*
(0.0147  (0.0232  (0.0326  (0.0420  (0.0522  (0.0599  (0.0605  (0.0602  (0.0600  (0.C560)  (0.0523
0.442%%  0560%*  0.968%* 1227+ 1487  1512%% 14330 1421%% 12680 1120%%  0.994%*

(0.0272  (0.0448  (0.0622  (0.0816  (0.0985  (0.111 (0.110 (0.109 (0.111 (0.102  (0.0936

1,536,549 1,405,965 1,234,921 1,113,369 1,023,92151,194 892,311 853,127 813,229 779,065 749,549
0.04¢ 0.05¢ 0.05¢ 0.06¢ 0.06¢ 0.07zZ 0.08( 0.08¢ 0.09¢ 0.11( 0.12¢

RZ

Panel E: Medium Average Initial De-to-Income Rati

-1.202%  J1.913%  2.915% 34890  -3.000%*  -4.175%*%  -4.083%*  -4.005%*  -3.500%*  -3.200%*  -2.833k
(0.0345)  (0.0502)  (0.0707)  (0.0862)  (0.107) (0.120) (0.122) (0.124) (0.115) (0.109) (0.101)

-0.259%  -0.310%*  -0.532%*  -0.632%*  -0.738%*  -0.772%*%  -0.730%*  -0.716%*  -0.620%* -0556%*  -0.437%*
(0.0129)  (0.0183)  (0.0261)  (0.0320)  (0.0399) (0344 (0.0449)  (0.0466)  (0.0433)  (0.0411)  (0.0384)
0.546%*  0.721%*  1267%*  1.564%*  1.841%*  1.033%*  1.884%*%  1.849%* 16380+ 14850+ 1 209%

(0.0230)  (0.0339)  (0.0476)  (0.0581)  (0.0732) (0981 (0.0828)  (0.0844)  (0.0782)  (0.0741)  (0.0686)

1,945,720 1,788,142 1,583,443 1,438,108 1,328,2802441905 1,177,341 1,130,314 1,083,891 1,044,8280091820
0.05( 0.06: 0.06% 0.07¢ 0.081 0.08¢ 0.09¢ 0.101 0.10¢ 0.121 0.13<

0z

Panel C: High Average Initial Debt-to-Income Ratio

1B5AM 24807 S3.413%%  -3.833%% 4313 - 4468 4367 43568 -4.026%*  -3.501% -3 240%
(0.0324)  (0.0442)  (0.0573)  (0.0711)  (0.0838) (089 (0.0889)  (0.0884)  (0.0825)  (0.0757)  (0.0705)

-0.356%*  -0.470%*  -0.647**  -0.705%*  -0.803**  -0.834**  -0.802%*  -0.790%**  -0.709%**  -0.605**  -0.537%*
(0.0123)  (0.0168)  (0.0215)  (0.0265)  (0.0309) (0T34 (0.0341)  (0.0341)  (0.0323)  (0.0300)  (0.0280)
0.730%*  1.030%*  1517%* 1,728  1.005%* 20830  2012%*%  2016%*  1.820%%  1574%+  1.374%

(0.0222)  (0.0304)  (0.0393)  (0.0492)  (0.0581) (0162 (0.0618)  (0.0615)  (0.0573)  (0.0526)  (0.0488)

2,278,620 2,093,373 1,866,801 1,693,641 1,568,801473]031 1,398,824 1,343,918 1,289,133  1,246,087205]151
0.058 0.071 0.079 0.086 0.092 0.100 0.109 0.112 150.1 0.122 0.131

Note The table replicates the results in Panel C &g & in the main text for each year in our sample.
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APPENDIXTABLE A6: ROBUSTNESS TOAVERAGE HOUSEPRICE GROWTH (2001-2005)

2005 2006 2007 2008 2009 2010 2011 2012
Panel A: Low Average House Price Growth
-3.745%*  -3.965** = -3.872**  -4.611**  -5124**  -4311**  -3.800***  -3.184***
(0.108) (0.129) (0.135) (0.147) (0.149) (0.138) (0.127) (0.118)
-0.640***  -0.633** -0.577** -0.788*** -0.975***  -0.746** -0.613**  -0.460***
(0.0399 (0.0471 (0.0510 (0.0553 (0.0577 (0.0523 (0.0474 (0.0461
1.690*** 1.773%* 1.677** 2.215%** 2.552%* 2.055%** 1.763*** 1.379%*
(0.0743) (0.0889) (0D94 (0.103) (0.103) (0.0955) (0.0879) (0.0818)
95€,487 888,73! 836,45: 782,37: 733,14: 697,33¢ 672,64 658,24!
0.103 0.108 0.114 0.119 0.117 250.1 0.134 0.148
Panel E: Medium Average House Price Gro
-3.894**  -4.612** -5136%* -4.832***  -4.470** -4.317** -3.855** -3 553**
(0.0983) (0.121) (0.134) (0.145) (0.142) (0.136) (0.127) (0.116)
-0.718**  -0.865***  -1.024**  -0.915** -0.778***  -0.778**  -0.652**  -0.613***
(0.0368 (0.0457 (0.0501 (0.0554 (0.0531 (0.0508 (0.0485 (0.0445
1.867*** 2.281%+* 2.603*** 2.368**+* 2.132%+* 2.070%** 1.795%+* 1.643*+*
(0.0682) (0.0839) (0991 (0.0987) (0.0964) (0.0923) (0.0863) (0.0787)
971,38 899,14: 820,67! 755,50¢ 730,22: 702,18t 674,14: 655,08
0.073 0.077 0.083 0.099 0.104 090.1 0.119 0.127
Panel C: High Average House Price Growth
-5.022***  -5.690**  -5650** -5236** -5.035%** -4.649%* -4.289** -3 .810**
(0.136) (0.164) (0.179) (0.155) (0.143) (0.139) (0.126) (0.116)
-1.077*%*  -1.259**  -1.206**  -1.107***  -1.038***  -0.959***  -0.864**  -0.704***
(0.0466) (0.0559) (0M61 (0.0534) (0.0508) (0.0489) (0.0450) (0.0417)
2.480*** 2.864*+* 2.828*** 2.607*** 2.522%* 2.314%x 2.130%** 1.803**
(0.0890 (0.108 (0.119 (0.103 (0.0964 (0.0940 (0.0850 (0.0777
N 937,809 846,694 B399,5 779,330 754,477 719,891 692,720 653,636
R? 0.057 0.056 0.061 0.070 0.077 800.0 0.089 0.098

a7

Note The table replicates the results in Panel D dfl@& in the main text for each year in our sample.



APPENDIXTABLE A7: ROBUSTNESS TANITIAL LEVELS OFHOUSEPRICESRELATIVE TO INCOME

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
Panel A: Low Initial Relative House Prices

a -1.417%*  -2.150*%** -3.125*%* -3,728** -4.367** -4.707** -4.714*** -4.722*%* -4351** -3,949** -3 569*+*
(0.042) (0.063) (0.084) (0.104) (0.124) (0.144) (0.143) (0.140) (0.133) (0.125) (0.113)

A -0.303*** -0.399*** -0.572** -0.697*** -0.829** -0.915*** -0.914** -0.893*** -0.811** -0.728** -0.632***
(0.014) (0.021) (0.029) (0.036) (0.043) (0.050) (0.049) (0.049) (0.046) (0.043) (0.040)

y 0.624*** 0.872*** 1.363*** 1.682*** 2.037*** 2.232%** 2.231*** 2.224%** 2.022%** 1.794*** 1.560***
(0.026) (0.040) (0.053) (0.066) (0.080) (0.093) (0.092) (0.091) (0.086) (0.080) (0.072)

N 1,346,793 1,210,187 1,047,956 935,253 855,929 795,208 748,478 712,722 677,495 650,400 624,841
R? 0.036 0.043 0.043 0.045 0.047 0.051 0.058 0.061 0.064 0.071 0.081

Panel E: Mediuminitial Relative House Price

a  -1.595** .2 489***  _3.304*** -3.689*** -4,152** -4256** -4,190*** -4.054** -3,723** -3,283** -2,00]***
(0.051) (0.073) (0.099) (0.120) (0.139) (0.150) (0.149) (0.153) (0.142) (0.132) (0.124)

p -0.330*** -0.441*** -0.607** -0.627*** -0.724** -0.728** -0.676*** -0.613*** -0.548** -0.451*** -0.406***
(0.020) (0.028) (0.038) (0.045) (0.053) (0.057) (0.057) (0.059) (0.056) (0.052) (0.049)

y 0.670*** 0.999*** 1.402*** 1.557** 1.802*** 1.847*** 1.811*** 1.737*** 1.571** 1.327*** 1.176%**
(0.035) (0.050) (0.068) (0.082) (0.095) (0.103) (0.102) (0.106) (0.098) (0.092) (0.086)

N 1,333,467 1,220,350 1,076,042 968,303 890,466 830,645 783,737 751,365 719,215 692,286 668,525
R? 0.062 0.076 0.084 0.092 0.096 0.103 0.113 0.116 0.122 0.132 0.142

Panel C:High Initial Relative House Prict

a -1.419%* -2.161*** -3.015** -3.381*** -3.641*** -3,702** -3.485*** -3,538** -3,291** -2.890*** -2 5]15***
(0.056) (0.076) (0.099) (0.120) (0.146) (0.151) (0.157) (0.152) (0.146) (0.130) (0.119)

A -0.293*** -0.376*** -0.544** -0.585*** -0.591*** -0.566*** -0.481** -0.524*** -0.506*** -0.417** -0.310***
(0.021) (0.028) (0.037) (0.045) (0.056) (0.059) (0.061) (0.060) (0.057) (0.052) (0.047)

y 0.596*** 0.858*** 1.308*** 1.480*** 1.577*** 1.585*** 1.445%** 1.509*** 1.416*** 1.208*** 0.993***
(0.039) (0.053) (0.069) (0.084) (0.102) (0.106) (0.110) (0.107) (0.103) (0.091) (0.084)

N 1,299,320 1,198,652 1,065,879 966,058 891,869 834,311 788,325 756,972 725,798 699,816 676,498
R? 0.065 0.082 0.091 0.104 0.109 0.115 0.126 0.129 0.136 0.149 0.162

Note The table replicates the results in Panel E &id & in the main text for each year in our sample.
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APPENDIXTABLE A8
2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Panel A: Households with No Mortgage Debt in 2001
a -0.934%  -1.897¥*  -3.120%* -3.780%** -4.622** -4.915%* -4.832%* -4.786** -4.314%* -3.987** -3 .562***
(0.032) (0.0412) (0.055) (0.069) (0.083) (0.091) oea) (0.093) (0.088) (0.084) (0.079)
p o -0.297**  -0.449%**  -0.713** -0.818** -0.972** -1.009*** -0.971*** -0.969*** -0.897*** -0.814** -0.725%*
(0.009) (0.013) (0.017) (0.022) (0.026) (0.029) 08m) (0.030) (0.028) (0.027) (0.026)
y 0.431%** 0.835*** 1.472%* 1.815*** 2.258*** 2.409*** 2.372%+* 2.393%** 2.169*** 2.033%+* 1.813***
(0.022) (0.028) (0.038) (0.047) (0.056) (0.062) 062) (0.064) (0.060) (0.057) (0.054)

N 2,748,810 2,482,153 2,149,720 1,912,682 1,743,5406091502 1,500,510 1,425,800 1,351,290 1,289,4112361456
R 0.035 0.048 0.062 0.068 0.074 0.077 0.082 0.083 840.0 0.085 0.085

Panel B: Households with Positive Mortgage Del2@®1
a  -0.994%**  .1.422%* .1 758** -1 951%* 2. 144%* - 2215%* 2 223%*  .2.264** 2. 117**  -1.853**  -1.696***
(0.031) (0.043) (0.053) (0.062) (0.070) (0.076) ora) (0.080) (0.078) (0.073) (0.068)
g -0.088**  -0.074*= -0.037* -0.030 -0.046 -0.062* 0-083** -0.100***  -0.109***  -0.088***  -0.104***
(0.013) (0.018) (0.022) (0.025) (0.029) (0.032) 082) (0.033) (0.032) (0.031) (0.028)
y 0.288**  0.360***  0.438**  0.516%*  0.594**  0.643***  0.690***  0.744**  0.759***  0.680***  0.662***
(0.022) (0.030) (0.036) (0.043) (0.049) (0.053) 0pa) (0.055) (0.054) (0.051) (0.047)

N 3,012,079 2,805,327 2,535,445 2,332,436 2,177,462059588 1,967,966 1,901,559 1,834,963 1,780,5697281064
R 0.040 0.046 0.061 0.066 0.072 0.077 0.081 0.081 760.0 0.076 0.075

Note This table presents results from estimating #treesspecification as in Panel C of Table 3 for swbsets of the data: households with no mortgalgeide
2001 (Panel A) and households with positive momgaept in 2001 (Panel B).
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APPENDIXTABLE A9-1: ROBUSTNESS TOADDITIONAL INTERACTIONS

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Panel A: Includes Interaction of Rank with Ratéiofmeownership
a  -0.980** -1.368*** -1.767%+* -1.951 %+ -2.115%* -2.107%+* -2.0(5*+* -2.095%** -1.885*** -1.692%* -1.552%*
(0.0249 (0.0356 (0.0462 (0.0578 (0.0694 (0.0762 (0.0771 (0.0769 (0.0733 (0.0682 (0.0643
B -0.259%+* -0.311%** -0.406*** -0.434%** -0.487*** - 0.486*** -0.442%* -0.444%* -0.385%** -0.317*** -0 .272%*
(0.00819) (0.0118) (0.0155) (0.0190) (0.0228) (6mM)2 (0.0256) (0.0258) (0.0243) (0.0226) (0.0211)
y 0.516*** 0.683*** 1.022%* 1.186%** 1.364%* 1.403*** 1.337% 1.360%** 1.214%* 1.056*** 0.906***
(0.0143) (0.0205) (0.0264) (0.0330) (0.0396) (0943  (0.0435) (0.0439) (0.0416) (0.0383) (0.0359)

N 5,727,356 5,257,066 4,658,759 4,221,379 3,899,085 ,648%35 3,449,008 3,308,587 3,168,380 3,052,691 9472893
R 0.051 0.06: 0.07(¢ 0.07¢ 0.08: 0.08¢ 0.09% 0.10(C 0.10¢ 0.11¢ 0.12¢

Panel E: Includes Interaction of Rank with Fraction of BlaResiden
a  -1.514% -2.294%xx -3.284 = -3.795%** -4.335%** - 4,514%* -4 .405%** -4.366*** -3.995%** -3.586*** -3.197**
(0.0220) (0.0316) (0.0418) (0.0518) (0.0615) (067  (0.0668) (0.0666) (0.0630) (0.0584) (0.0538)
B -0.374%= -0.474** -0.704*** -0.794*** -0.915%* -0.948%** -0.901*** -0.881*** -0.786*** -0.677*** -0.578***

(0.00863  (0.0119 (0.0164 (0.0201 (0.0239 (0.0264 (0.0264 (0.0263 (0.0247 (0.0229 (0.0210
y o 0.660%%  0.943%% 14480+ 17097 1.992%%  2081%% 2011 1.094%*  1.801%* 15828 1363
(0.0147) (0.0213) (0.0283) (0.0353) (0.0421) (0m46  (0.0457) (0.0456) (0.0432) (0.0400) (0.0367)

N 5,727,471 5,257,165 4,658,826 4,221,433 3,899,132 ,648%80 3,449,048 3,308,627 3,168,414 3,052,725 9472921
R 0.050 0.063 0.069 0.076 0.081 0.086 0.095 0.098 040.1 0.114 0.125

Note This table augments the specification in Panef Table 3 of the main text by adding the levethd# listed variable and its interaction with raR&anel A
includes the fraction of residents in a zipcode whm their home calculated from the Census. PanetBdes the fraction of residents who identifyoéack
calculated from the Census.
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APPENDIXTABLE A9-2: ROBUSTNESS TOADDITIONAL INTERACTIONS
2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

2012

Panel C: Includes Interaction of Rank with Housea{@iy Dispersion
a  -1.617** -2.488** -3.554%** -4.125%* -4 T7T7T7** - 4.982%* -4.888*** -4.828**

44295 39720 3 5A4eer
(0.0285 (0.0420 (0.0564 (0.0697 (0.0831 (0.0905 (0.0909 (0.0910 (0.0871 (0.0803 (0.0742

p -0.395%*  -0.485%*  0.762%*  -0.861%*  -1.004%*  -1.053%*  -1.021%*  -0.978%*%  -0.864%*  -0.748%*  -0.645%*
(0.0117) (0.0167) (0.0230) (0.0283) (0.0347) (0238  (0.0381) (0.0383) (0.0359) (0.0334) (0.0306)

y 07277 10160 1570 1.843% 2120  2278%k  2210%% 2 155k

1.043%  1708%* 1,493+
(0.0196 (0.0294 (0.0398 (0.0499 (0.0600 (0.0662 (0.0668 (0.0667 (0.0633 (0.0585 (0.0539

3,134,287 2,866,480 2,531,193 2,286,429 2,109,396 ,9741580 1,867,883 1,791,116 1,715,264

N 1,653,681 5971314
R 0.052 0.064 0.07(¢ 0.07¢ 0.082 0.08¢ 0.09¢ 0.10(C 0.10¢

0.11¢ 0.12¢

Panel D: Includes Interaction of Rank with Coungwel Crime Rate
a -1.506*+* -2.269*+* -3.264%** -3.774%+* -4.321 %+ -4.497*+* -4.402%** -4.363***

-3.992%%  .3580%*  -3.186**
(0.0221 (0.0317 (0.0419 (0.0517 (0.0615 (0.0668 (0.0668 (0.0665 (0.0629 (0.0582 (0.0535
f -0.373%*% 04720 L0701 -0.792%*  -0.915%*  -0.946%*  -0.905***  -0.883**  -0.794%*  _0.685%* -0 581**
(0.00870  (0.0120 (0.0164 (0.0201 (0.0240 (0.0264 (0.0265 (0.0264 (0.0247 (0.0229 (0.0209
y 0.6BL%* 00454 1451 17074 1.093%*  2076*%  2.014%*  1.095%

1.810%*  1.502%+ 13730
(0.0148) (0.0215) (0.0285) (0.0353) (0.0423) (0246  (0.0462) (0.0461) (0.0435) (0.0403) (0.0368)

5,712,12. 5,243,99 4,648,16: 4,212,60: 3,892,09 3,642,92 3,444,111 3,304,201 3,164,16 3,048,82

N 2,944,25
R 0.050 0.063 0.069 0.076 0.081 0.087 0.095 0.098 0%0.1 0.115

0.126

Note This table augments the specification in Panef Table 3 of the main text by adding the levettd listed variable and its interaction with raRknel C

includes the log of the ratio of average houseggrio the top and bottom third of the price disttibn as calculated by Zillow. Panel B includes thiene rate
(reported crimes) as reported in the Uniform CriReporting Statistics at the county level.
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APPENDIXTABLE A10: MORTGAGEAPPLICATIONS ANDLOCAL INEQUALITY WITH STATE FE

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011

Panel A: Probability of Mortgage Application BeiRgjecte:
-0.087*+* -0.068*** -0.057*+* -0.056*** -0.058*** - 0.046*** -0.039*** -0.043*** -0.041%+* -0.057*+* -0.062*+*

(0.003) (0.003) (0.002) (0.002) (0.001) (0.002) 002) (0.002) (0.001) (0.002) (0.002)
s 0.412*** 0.354*** 0.324*** 0.376*** 0.351*** 0.356*** 0.300*** 0.244*** 0.218*** 0.250*** 0.300***
(0.048) (0.037) (0.027) (0.026) (0.024) (0.024) 0pa) (0.023) (0.021) (0.028) (0.030)
y -0.415%+* -0.343%** -0.290%*** -0.368*** -0.331*** - 0.330*** -0.255%+* -0.184** -0.204*** -0.278** -0 .389%+*
(0.083) (0.070) (0.053) (0.035) (0.033) (0.036) 088) (0.039) (0.031) (0.036) (0.042)
N 2,244,576 2,264,842 2,520,425 2,635,465 2,970,262,663236 1,921,810 1,319,589 1,240,372 1,275,372 1963404
R? 0.088 0.071 0.051 0.047 0.045 0.046 0.047 0.035 290.0 0.037 0.046
Panel B: Probability of Mortgage Being Hi-Interest (conditional ¢ origination)
a -0.039%** -0.063*** -0.052*** -0.038*** -0.046*** -0.025%** -0.023*** -0.029***
(0.001) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.001)
p 0.238*** 0.284*** 0.274** 0.196*** 0.143*** 0.079*** 0.108*** 0.119***
(0.025) (0.036) (0.035) (0.024) (0.024) (0.014) (0.013) (0.017)
y -0.201%x* -0.264*** -0.247%* -0.189*** -0.130*** -0.072%* -0.101%** -0.124**
(0.026) (0.038) (0.039) (0.030) (0.027) (0.014) (0.015) (0.021)
N 1,995,005 2,148,955 1,892,164 1,384,324 959,930 944,620 955,348 894,997
R? 0.098 0.159 0.123 0.063 0.046 0.027 0.042 0.043
Panel C: Loan-to-Income Ratios of Mortgage Applmas (conditional on origination)
a -0.165%+* -0.174%x* -0.185%+* -0.175%** -0.166*** -0.168*** -0.183*** -0.184** -0.190*** -0.193*+* -0.187*+*
(0.002) (0.002) (0.002) (0.002) (0.001) (0.002) 002) (0.002) (0.001) (0.002) (0.002)
s -0.247%+* -0.237%x* -0.265%+* -0.290*** -0.250*** - 0.254*** -0.294*** -0.238*** -0.133** -0.151%+* -0.126*+*
(0.046) (0.046) (0.047) (0.045) (0.040) (0.037) 040) (0.047) (0.047) (0.044) (0.046)
y 0.114* 0.090 0.147** 0.173*** 0.112** 0.111** 0.18%* 0.108** 0.030 0.109** 0.074
(0.066) (0.066) (0.066) (0.052) (0.046) (0.047) 048) (0.053) (0.054) (0.056) (0.059)
N 1,746,160 1,794,892 1,971,148 1,995,005 2,148,955,8921164 1,384,324 959,930 944,620 955,348 894,997
R? 0.299 0.323 0.346 0.328 0.317 0.329 0.345 0.350 710.3 0.380 0.364

Note The table replicates the results in Table 9 usitage fixed effects rather than county fixed aBe€oefficienta
corresponds to the partial correlation of appliaiicome rank and the dependent variable in treg yedicated by
each column. Coefficieng corresponds to local inequality. Coefficientcorresponds to the interaction of local
inequality and applicant’s income rank. Standardrsrare clustered at the county level and eactess@n includes a
state fixed effect as well as controls for race, sEcupancy, the LTI, and an interaction of ranthwhe fraction of
non-white applicants. The sample is restricted dmé purchase loans with an LTI between 1 and 8vemete the
application was not rejected by the borrower deethfor a reason other than denial. Statisticatifitgance at the 1%,
5%, and 10% levels are indicated by ***, ** andespectively.

52



APPENDIX FIGURE 1 DEBT ACCUMULATION BY Low, MEDIUM AND HIGH-RANK HOUSEHOLDS
AND LOCAL INEQUALITY, NONPARAMETRIC SPECIFICATION

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Low rank, low inegq — = = = Low rank, mid ineq

== Low rank, high ineg — Mid rank, low ineq
= = = = Nid rank, mid ineq = = == « Mid rank, high ineqg
———— High rank, low ineg — = = = High rank, mid ineq

High rank, high ineqg

Note The figure shows the full set of estimated ca#fits on the income rank dummies from the nonpatidmn
regressions of the relative household debt accuinolaetween 2001 and yetarEach regression contains dummies
for income ranks and inequality levels (with lowtkehouseholds in low-inequality regions being teadhmark), and
a full set of controls described in equation (3) &me county-specific fixed effects. See sectighf8r details.
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APPENDIX B: ADDITIONAL INFORMATION ON CCP DATA

The Equifax FRBNY Consumer Credit Panel is a lamdjiial database with detailed information on
consumer debt and credit. The core of the datat@sstitutes a 5% random sample of all U.S. indialdu
with credit (i.e., the primary sample). The databako contains information on all individuals witedit
files residing in the same household as the indadisl in the primary sample. The household membrers a
added to the sample based on the mailing addrake iexisting credit files. Thus, the resulting géaris a
sample of U.S. households in which at least one leeinas a credit file.

The individual records in the CCP contain informoaton the mortgage debt, credit card debt andtoradil
limits, home equity lines of credit, student loaasto loans, bankruptcy and delinquencies. Theidatade
residential location on the census block level #rel birth year of individuals. The data in the Caie
updated quarterly. We use 100% of the CCP sample.

The unit of the analysis in the paper is a househbhe CCP is primarily an individual-level dataset
however, it contains two identifiers that allowtosconstruct the household records in each pemaoldtiaen
link the household records from period to periodedch quarter, a unique (household) identifigiven for

all individuals who reside in the same householdaasindividual in the primary sample. We use this
identifier to aggregate the individual level infation to construct the household level credit \@ds. We
restrict the analysis to households with at mosmn&dnbers.

The household identifier identifies household merstmaly in one period. We then use the second iftkemt

in the CCP data, an individual identifier that rémsaconstant from period to period, to link houddho
records from one quarter to another. To constheidngitudinal household record, we proceed devisl
Let i denote the identification number of a householddAl. To identify the continuation of househbold
yeart, t > 2001, we first determine what members of houskh@re present in yearusing individual
identifiers. We then determine the identificationmber of the household to which each member of
household belongs to in yeat: If there is more than one such household, wethiagmodal household, if
one exists. Let denote this modal household. We then repeat theedure in reverse: consider all members
of household who are present in yeadand determine what members of househald present in year 2001
using individual identifiers, determine the ideitition number of the household to which each merbe
household belongs to in year 2001. If there is more than sueh household, we flag the modal household,
if one exists. Lef' denote this modal household.i'lfequalsi', we identifyj as a continuation record for
household. While the primary sample of individuals in the EG a random sample of all U.S. households
with credit reports; the resulting sample of theuseholds is not random. Following, Lee and van der
Klaauw (2010) we define the sampling weights adrikierse of the probability to be included in tkzenple,

wy, = ﬁ whereN is the number of individuals in the household vahe in the primary sample.
For each individual, the data contain a record ef debt by detailed category as well as a recorthef
balances on the joint or cosigned accounts. Ineagging the debt on the household level, we useraation
to avoid double counting of the balances on joatibants. This choice follows Brown, Haughwout, laeel
van der Klaauw (2011). In particular, while aggtigg, we discount the total debt of the househwddnbers
by 50% of the total debt on joint accounts of thadehold members. The exact formula that we use is

| dp,j = max{ ¥;(dp; — .Sd;;fj),.Sd;l'fj}..
Whered,, ; is the total debt in categoyyf membeii in householdh andd;l'fj is the debt in joint accounts. The

second input to the maximum function addressesithation that arises with so-called “thin” creditords, or
records with at most two credit report-worthy defitise individuals with thin records are not incldde the
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primary sample, but they are included in the add#l sample. These individuals might have recordpint
accounts that are missed on individual accountstiatek Donghoon Lee for this suggestion.

Variable Descriptions

Here we provide a short description of the varighised in the CCP analysis. For a detailed degaipf
the CCP dataset please see Lee and van der Kl2adw)(

Age: We follow Brown, Haughwout, Lee, and van der Klaa@011) and define age as the median age of
adult members of the house.

Auto debts: These are any loans taken out explicitly for thecpase of a car including loans from banks
and those from automobile financing institutions.

Bankruptcy: An indicator in the CCP taken from public recorlattdetail whether or not an individual has
filed for bankruptcy.

Credit Card Balance: The sum of reported balances across bank cardelaaswvretail cards. These cards
reflect revolving accounts at banks, credit uniamsdit card companies, and others. Importantly, GiCP
does not distinguish between balances rolled oiléng periods (and so potentially subject to irstr
charges) and cards where the balance is paid evwanyh.

Credit Card Limits: We take the maximum of reported limits and balaramsss all bank and retail cards
to ensure that reported utilization is not gre#ttan one.

Credit Card Utilization Rate: This is the ratio of the credit card balance amdlitrcard limit.

Deinquency: Indicator for whether or not a household is atti€fsdays delinquent on any of its accounts
in the current quarter.

HEL OC Debt: The sum of home equity lines of credit, or homeitggrevolving accounts. We use the
classification of HELOCSs vs. installment loans pded by the CCP data.

Mortgage Debt: The sum of all mortgage installment loans.

Riskscore: A variable constructed by Equifax and similar t&€C8l. A higher number is interpreted as a
lower default risk. We construct the household stglte by taking the average of individual riskssore
within the household.

Size: Household size sums the number of distinct so@alisty numbers that can be linked by household
identifiers in a specific time period. We resttiot household size to at most 10.

Student L oans: These include loans financing education from peawatd public institutions.

Total debt: Constructed as the sum of mortgage debt balanedit @rard balances, auto debts, balance on
home equity lines of credit, and student loans.
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APPENDIX C: DECOMPOSING U.S. INEQUALITY SINCE 1970

The decomposition is constructed using the follgMiRUMS samples: 1970, 1980, 1% metro samples and
the 1990 and 2000 1% unweighted sample. Within efthese samples we use the metro area geographies
defined by IPUMS in the following way:

“Metropolitan areas are counties or combinationsafnties centering on a substantial urban area.

METAREA identifies the metropolitan area where theusehold was enumerated, if that

metropolitan area was large enough to meet cortfaliéyn requirements.”

We restrict the sample to the set of metro areasdan be identified in each year to get 117 mateas
containing roughly 60% of the entire sample witeach year. We also restrict the sample to houdehol
where the respondent’s age is between 25 and 6%hancespondent is the head of the household or the
spouse of the head of the household. These testg@re not important for the results.

To calculate income we use family total income. Mhiot exactly the same as household income it
is available for all years whereas household incisneot available in 1970. We estimate the follagvin
model of log family income on each year of the slemp

log(yia) = aq + €
Estimating this function gives estimates of theiarare of the fixed effects and the variance of the

residuals for each year. We then calculate theesbfavariance explained by variance of the fixdd@$ as:

A2
a
A2 A2

04 + 0

Share =

APPENDIXFIGURE C1: DECOMPOSINGAGGREGATEU.S.INEQUALITY

Between Variance Over Total Variance Standard Deviation of Log Income
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Note The left-hand figure plots the ratio of “betweerdriance of mean incomes to the total varianceaimes. The
right-hand figure plots the standard deviationagf income across all households.
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APPENDIX D: TIME VARIATION IN LOCAL INEQUALITY RATES

To get a sense of how inequality within counties Yaried across time we computed Gini coefficiatthe
county level using 1970 and 2000 Census aggregatgble from ICPSR. To compute the Gini coeffitie
we follow the same procedure outlined in the Appemad reproduced below. Because the number of bins
used to compute the coefficient is not the samieoth years (1970 has fewer bins) the levels ofGiréd
coefficients are not directly comparable. Using@@nsus data we match 3,122 counties.

Let f(y;) be a discrete probability function whete=1,..,n and y; < y;.,. Then the Gini
coefficientG is defined as

L fOD(Sim1 + S)
Sn

G=1-

whereS; = ¥i_, f(v;)y; andS, = 0.

We approximate the discrete probability functiorthmthe share of a location’s population within
each bin reported by the Census. For all bins betlast we assume all the mass is distributed eat th
midpoint of the bin. For the very last bin we atié tast increment to the lower boundary. For examipl
the last bin is incomes of $200,000 and up andthéefore was $150,000 to $199,999 we assignatsie |
bin to have the value $250,000. This assumptiontdirthe impact the very top bin will have on the
coefficient, but should provide a reasonable appmakon of inequality at low levels of aggregation.

The figure reported below shows a high degree ofetaiion between inequality in 1970 and

inequality in 2000. The R-squared is 0.26 and theaBnan correlation is 0.52, suggesting inequiityuite
persistent.

APPENDIXFIGURE D1: PERSISTENCE OR_OCAL INEQUALITY

County Inequality in 1970 and 2000

Gini 2000
4
1

]
Gini 1970

Note The figure plots Gini coefficients for income qeality in U.S counties
in 1970 versus 2000.
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APPENDIX E: SUMMARY STATISTICSFROM HMDA DATA

Table 1 in this appendix provides summary statistiom the 15% HMDA samples. We report the fractbn
applications denied, originated, for owner-occugenperties, high interest, the race of the prinzgplicant,
and the regulator of the lender. When using the HMiata it is important to recognize that changes in
reporting requirements from 2003 to 2004 had sicamitt effects on the coverage of the mortgage nmarke

so statistics we calculate. This can be seen glegen comparing the change in racial compositibn o
applicants from 2003 to 2004. While some of thigmireflect real shifts in the provision of crettitnon-
white groups it also reflects the increased coverdgural areas and smaller, non-bank lenders Jdm also
be seen by the large increase in applications fiteténders regulated by HUD. While mortgage corgpan
activity was almost certainly increasing over {hésiod many lenders were simply not reporting & tiMDA
data.

The health of the mortgage market can be tracedypehanges in the sample size. The number of
applications reported peaked in 2007 and then mixtlisteadily until 2011. Interestingly, the frantiof
loans with high interest rates has also declinedpdf, probably reflecting fewer loans with juni@ns.

Notice that the mean applicant income reportechénHHIMDA data is substantially higher than the
average household income reported in the SCF daltéhe imputed CCP data. However, average income is
comparable to the average income of homeownemspasted in the 2007 SCF, which is about $99,500.

Table 2 provides some sample correlations from 20@ét of which are qualitatively similar to other
years. Owner-occupied applications are less likelpe denied while applications with high LTI ratiare
more likely to be denied. Applicants applying to BHtegulated lenders are more likely to be deniguchv
could reflect the stress of mortgage companiesisiferiod or an increased likelihood that the iappt is
subprime. Applicants to HUD lenders tend to havallenincomes and higher LTI ratios.
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APPENDIXTABLE E1: SUMMARY STATISTICS FROMHMDA

2001 2002 2003 2004 2005 2006 2007 2008 2009 20102011

Deniec 0.1¢ 0.1z 0.1z 0.1t 0.1¢ 0.1¢ 0.1¢ 0.17 0.14 0.1¢ 0.1t
Originated 0.78 0.79 0.78 0.76 0.72 0.71 0.72 0.73 0.76 0.75 0.75
ooC 0.94 0.93 0.92 0.90 0.88 0.90 0.91 0.92 094 940. 0.93
LTI 2.31 2.43 2.58 2.65 2.67 2.63 2.72 2.72 2.81 792. 2.70

sd 0.88 0.94 1.03 1.08 1.08 1.04 111 1.10 112 211 1.10
Loan 140.16 154.40 168.24 193.11 212.85 223.00 4226. 207.03 198.34 203.31  200.69

sC 96.0¢ 104.3( 111.9( 147.3( 165.1¢ 173.1¢ 180.8¢ 155.6¢ 141.2: 148.¢8  151.8¢
Income 64.84 68.46 70.72 78.13 85.41 91.21 91.01  .1584 78.02 80.84 82.38

sC 47 .4¢ 49.7¢ 50.9¢ 63.2¢ 70.4¢ 76.4¢ 81.5¢ 73.4¢ 65.4: 68.7¢ 71.2¢
High Int 0.08 0.16 0.16 0.08 0.06 0.04 0.02 0.03
White 0.89 0.88 0.88 0.74 0.71 0.69 0.73 0.76 0.76 0.76 0.77
Black 0.08 0.07 0.08 0.08 0.10 0.11 0.10 0.08 0.07 0.07 0.07
OcCcC 0.2¢ 0.27 0.2¢ 0.2t 0.2C 0.2t 0.32 0.32 0.2¢ 0.31 0.0¢
FRS 0.11 0.18 0.18 0.15 0.16 0.16 0.17 0.09 0.09 080. 0.04
FDIC 0.0¢ 0.0¢ 0.07 0.07 0.0¢ 0.0¢ 0.0¢ 0.0¢ 0.11 0.11 0.0¢
oTs 0.11 0.10 0.09 0.08 0.09 0.08 0.10 0.08 0.06 050. 0.00
NCUA 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.05 0.04 .040 0.04
HUD 0.39 0.36 0.38 0.45 0.47 0.45 0.33 0.36 0.40 410. 043
N 644680 647685 722326 790699 890889 798332 577113895574 371967 382851 359100

Note The table provides sample means for all variahtesstandard deviations for continuous varialdesifi years of

the HMDA data under the sample restrictions ideifn the text. Denied gives the probability taatapplication was
formally denied while originated gives the prob#pih loan was approved and the funds disburseteédorrower.

OOC indicates that the application is for an ownecupied home. LTI is the loan-to-income ratio be application

constructed from the application’s stated loan gdme. High Int indicates if a loan was ultimatelyginated as a
high interest loan. While and black both refertte tace of the primary applicant. OCC indicatesaalfiled at a lender
regulated by the Office of the Comptroller of therf@ncy. Similarly, FRS indicates a lender reguldtg the Federal
Reserve System, OTS regulated by the Office offifBrpervision, NCUA the National Credit Union Admstration,

and HUD the Department of Housing and Urban Develent.
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APPENDIXTABLE E2: SAMPLE CORRELATIONS FROM2007HMDA

Denied Originated 00C LTI Loan Inc White Black
Denied 1.000
Originatec -0.762*+* 1.00C
00oC -0.0192*** 0.021*** 1.00C
LTI 0.053*** -0.060*** 0.200%*** 1.000
Loan 0.001 -0.020%*** -0.0308*** 0.208*** 1.000
Income -0.028*+* 0.014%*** -0.169*** -0.238*** 0.815** 1.000
White -0.145%+* 0.146*** -0.0105*** -0.116*+* -0.033*** 0.034*** 1.000
Black 0.116*** -0.113*** 0.007*** 0.050*** -0.053*** -0.074%+* -0.545%+* 1.000
occC -0.066*** 0.120*** -0.005*** -0.012%* 0.056*** 0.063*** 0.006*** -0.025*+*
FRS 0.051*** -0.070*** -0.002 -0.022%** -0.023** 0.011*** 0.001 0.004**
FDIC -0.044*+* 0.045*+* -0.031*+* -0.031*** -0.060*+* -0.041%+* 0.078*** -0.037***
oTS 0.0547** -0.009*** -0.022%* -0.003* 0.081*** 0.070*** -0.027*** 0.006***
NCUA -0.025*** 0.008*** 0.029*** -0.004** -0.042%* -0.040*** 0.039*** -0.020***
HUD 0.022*** -0.084*+* 0.026*** 0.048*** -0.042++* -0.062*+* -0.044*+* 0.044*+*
N 577110

Note The table provides correlations for all yearshef HMDA data under the sample restrictions idediin the text.
Denied gives the probability that an applicatiorsvi@mally denied while originated gives the prabigba loan was
approved and the funds disbursed to the borrow&C hdicates that the application is for an owneetpied home.
LTI is the loan-to-income ratio on the applicatioonstructed from the application’s stated loan m@dme. High Int
indicates if a loan was ultimately originated dsgh interest loan. White and black both referhte tace of the primary
applicant. OCC indicates a loan filed at a lenégutated by the Office of the Comptroller of ther@uacy. Similarly,
FRS indicates a lender regulated by the FederatiResSystem, OTS regulated by the Office of TH3iftpervision,
NCUA the National Credit Union Administration, akidUD the Department of Housing and Urban Development
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APPENDIX F: INCOME AND DEFAULT

We use the CCP data to verify our assumption alpooibability of default conditional on income. In
particular, we estimate a linear probability mod€lthe probability of default as a function of hehsld
income.

The dependent variable takes value 1 if any merobtre household in years 60-day past due or
longer on any account (mortgage, auto loan, ceadi, etc.). The explanatory variable of intersghe (log
of the) household income in year 2001 (using theeeted imputed income). We first estimate a
parsimonious specification with only the income mga. We then estimate a specification with thesmea
of income and the full set of household and rediammtrols. These household-level controls are the
following variables measured at 2001: dummies fgg af the head of household and for the size of the
household; amount of mortgage, auto loan, creditl talance, credit card limit, HELOC, student loan;
dummies for bankruptcy and 60 DPD or longer, askl score. The regional-level controls are the fuithg
zip code-level variables measured in 2001: inconeguality, median of total household debt, medifin o
household mortgage, house price growth between 28661eat, the ratio of the median house price to the
median income, and the county level fixed effelrtdhe estimation, the standard errors are clugtbyezip
code. We use a linear probability model since tleamof the dependent variable is in the range 0.28-
The equation is estimated for each year from 2@02012 for the sample of the households use in the
benchmark regression of our analysis (i.e., thes@balds that do not change location between ye@t 20
and yeat).

We report results in Appendix Table E1. We findtthagher-income households and households
with higher income ranks have lower probabilitydefault.
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Appendix Table F1. Income and default.

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Panel A: No Controls
rank -0.387*** -0.337%** -0.347%*= -0.314#**= -0.294#**=* -0.264*** -0.2447**= -0.219%** -0.206*** -0.199%* -0.205%**
(0.00181) (0.00184) (0.00186) (0.00182) (0.00179) 0.0q179) (0.00180) (0.00183) (0.00185) (0.00188) .0qM091)

N 6,172,512 5,676,766 5,039,109 4,570,211 4,218,948 ,950%18 3,731,267 3,581,280 3,433,201 3,310,773 197351
R? 0.029 0.022 0.023 0.019 0.017 0.014 0.012 0.010 080.0 0.008 0.008

Panel B: County Fixed Effects
rank -0.385%*** -0.335%** -0.345%* -0.312%** -0.293*** -0.263*** -0.245%* -0.220%** -0.208*** -0.201%** -0.208***
(0.00184) (0.00186) (0.00189) (0.00184) (0.00179) 0.0G178) (0.00177) (0.00180) (0.00180) (0.00183) .0q086)

N 6,172,512 5,676,766 5,039,109 4,570,211 4,218,948 ,950%18 3,731,267 3,581,280 3,433,201 3,310,773 197351
R? 0.058 0.051 0.055 0.051 0.048 0.043 0.039 0.035 340.0 0.033 0.033

Panel C: Household-specific Characteristics and GtyuFixed Effects
rank -0.0381***  -0.0422***  -0.0443**  -0.0489***  -0.0521*** -0.0458** -0.0288***  -0.00¢3*** 0.0012! 0.00724**  0.0146***
(0.00168) (0.00189) (0.00209) (0.00221) (0.00230) 0.0@245) (0.00251) (0.00260) (0.00268) (0.00270) .0QQ76)

N 4,195,007 3,836,566 3,380,052 3,047,381 2,803,886,619591 2,470,908 2,367,350 2,265,545 2,182,951 1052700
R? 0.46( 0.35¢ 0.32¢ 0.27¢ 0.24¢ 0.21: 0.1& 0.17: 0.171 0.161 0.15¢

Panel D: No Controls
In(y) -0.163*** -0.149%** -0.157*** -0.147%* -0.142%** -0.131%** -0.122%** -0.111%*= -0.105*** -0.102*** -0.105***
(0.000620)  (0.000600) (0.000621) (0.000627) (0.Gap6 (0.000632) (0.000649) (0.000675) (0.000697) 0Q0709) (0.000730)

N 6,172,512 5,676,766 5,039,109 4,570,211 4,218,948 ,950%18 3,731,267 3,581,280 3,433,201 3,310,773 197351
R? 0.04¢ 0.041 0.04¢ 0.041 0.03¢ 0.03¢ 0.02¢ 0.02t 0.021 0.02( 0.021

Panel E: County Fixed Effects
In(y) -0.152%** -0.136*** -0.143*** -0.133*** -0.127%*+* -0.117%** -0.117 % -0.102***  -0.0972**  -0.0943***  -0.0977***
(0.000625 (0.000616 (0.000633  (0.000626  (0.000619 (0.000611 (0.000615 (0.000632 (0.000635 (0.000640  (0.000654

6,172,51. 5,676,76 5,039,10 4,570,21 4,218,94 3,950,61 3,731,26 3,581,28 3,433,20 3,310,77: 3,197,35
0.070 0.062 0.067 0.062 0.059 0.053 0.049 0.043 420.0 0.040 0.041

Dz

Panel F: Household-specific Characteristics and @yurixed Effects
In(y) -0.0107**  -0.0115*** -0.0128**  -0.0147**  -0.016%** -0.0138** -0.0081*** -0.00102 0.00211**  0.0043*** 0.00649***
(0.000599 (0.000676 (0.000742  (0.000789  (0.000820  (0.000873 (0.000895 (0.000936 (0.000966 (0.000974  (0.00100

N 4,195,007 3,836,566 3,380,052 3,047,381 2,803,886,619591 2,470,908 2,367,350 2,265,545 2,182,951 1052700
R? 0.460 0.359 0.326 0.274 0.244 0.213 0.187 0.177 710.1 0.161 0.159

Note The table reports estimated coefficients on inesemk (Panels A-C) and log income (Panels D-Ehénlinear regression where the dependent variable
a dummy variable equal to one if a household defdnla given year and zero otherwise. Standamt®(clustered by zip code) are reported in passes.
*rx kx *denote statistical significance at 1%, 5%nd 10%.
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APPENDIX G: IMPUTATION OF INCOME

In the first step of our work, we estimate the tielasship between income and observables in the &@Fthen
use this relationship to impute income in the C@Pthis appendix, we describe how variables aresttanted
and what specification is estimated.

In the table below, we describe how variables amstructed in CCP and SCF. We use only variables
which are available in both CCP and SCF. Whiledlae some differences in the definitions acrossses, we
made every effort to make it as comparable as plessi

Variable SCF Counterpartin CCP
Auto loan: X2218 + X2318 + X2418 4 Auto loan bank an
X7169 + X2424 + X2507 + auto  loan  finance
X2607 balance
Bankruptcy fla X677z Chapter 7 or Chaptt
13 bankruptcy flag
Credit Card Limi* X414 Bank card + retail car
high credit
Credit Card Balan X413 + X427+ X421 4| Bank card + retail car
X424 + X430 balance
Delinquency fla X300¢ A flag if any account i
60 DPD or more
HELOC Balanc X1108 + X1119 + X1130 :| Home equity revolving
X1136 balance
Income X572¢ None
Mortgage Det X805 + X905 + X1005 First mortgage balanc
+ home equity
installment balance
Student Loar X7824 + X7847 +4 Student loans balan
X7870 + X7924 +
X7947 + X7970

We also use household size and head of housepeldrhe CCP does not include racial identifiersveo
do not use these. In our imputation, we use ahefSCF replicates, which are discussed in deya{dnnickell
(1998). Because the SCF intentionally oversamplealttwy households, we apply the SCF-computed weight
X42001. Note that we take the natural log of onespihe level for all continuous variables to make t
distribution of these variables more well-behaved to avoid dropping observations with zero valle. also
restrict the sample to households where the heapisvas between 20 and 65. We dropped outlierg @iok’s
distance.

As discussed in the text, our regression hasd¢hergl form
log(Yi,SCF) = .Bf( Xi,SCF) + €iscF-

In choosing the specific form df we aimed to capture as much of joint distributafnthe observables and
income as we could with a flexible assumption. Temere added if it was found that they were medning

22 \We code responses of “no limit” in the SCF as @,000.
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predictors of log income. Households with missiatues are dropped, although results are esserttigllgame if
we keep them and add one before taking logs. Tinetiinf was composed of

1.

ook whN

7.
8.

Third-order Chebychev polynomials of mortgage, aatal credit card limits,

Credit card, HELOC, and student loan balances,

Nine age bins in five year intervals,

Interactions of all age bins with each type of deddance,

Household size and interactions of household sitte debt balances and age bins,

Indicators for bankruptcy and delinquency and Bxtdons of these indicators with other
indicators,

Indicators for positive credit card limit and irdetions of this variable with various variables,
Interactions of household size, age, and debtdevel

Table 2 shows that using data from 2001 the agtgdgaome statistics computed directly from the Sdich
those we impute in the CCP very closely.
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