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Abstract
We use a comprehensive data set of home mortgage loan originations matched with the
banks’ income and balance sheet statements to analyze how fluctuations in the supply of mortgage credit affect county-level economic outcomes. To isolate fluctuations in the supply of
mortgage credit, our identification strategy exploits the fact that banks originate home mortgage loans across multiple local markets, which allows us to estimate statistical credit supply
effects that are then linked to the health of bank balance sheets. The results indicate that during
“busts,” declines in home prices induced by a contraction in the local supply of mortgage credit
have significant—in both economic and statistical terms—effects on county-level economic performance. In particular, during the 2007–2010 period, counties that experienced large declines
in home prices as a result of a contraction in mortgage credit also saw large declines in building
permits; a drop in the employment-population ratio and an increase in the unemployment rate;
a significant decline in average wages and income per capita; and a sharp drop in retail sales and
motor vehicle registrations. These credit-induced supply effects also drive influence broad-based
measures of economic activity during the 2011-2015 recovery period. During the “boom,” by
contrast, credit-supply induced changes in home prices appear to have no effect on economic
outcomes outside of the construction sector.
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Introduction

The global financial crisis of a decade ago originated in the U.S. housing sector and resulted in
about 3.8 million foreclosures over the 2007–10 period, ultimately leading to a loss of about eight
million American jobs. During this economic calamity, policymakers were focused intensely on the
developments in financial sector—especially in the banking sector—as a deterioration in the financial health of banks significantly impaired their ability to supply credit to fund private investment
and consumption. Of course, the sharp and prolonged decline in bank lending during the Great
Recession and its aftermath was not only the result of a pullback in the supply of credit due to
banks’ acute capital and liquidity problems, but it also reflected weak credit demand against the
backdrop of a grim economic outlook and a significant deterioration in the net worth of firms and
households.
Given the well-know challenges one is confronted with when trying to disentangle demand
and supply factors, it is thus not too surprising that there remains a considerable disagreement
among economists about the quantitative significance of credit supply shocks during the Great
Recession. A rapidly growing empirical literature on this topic includes studies that attribute the
massive decline in private employment during this period almost entirely to the aggregate demand
channel—which links a contraction in household spending to declines in home prices (see Mian and
Sufi, 2014)—as well as studies that stress the importance of adverse credit supply shocks, which
worked primarily by restricting the firms’ access to credit and hence their employment demand.1
While banks were frequently blamed for being too stingy with credit during the Great Recession
and its aftermath, they were also accused of excessive credit creation that contributed importantly
to the housing bubble in the years leading to the crisis. This view is echoed in recent research,
which shows that there is a strong systematic relationship between credit booms and subsequent
economic downturns, with the credit supply channel being the main culprit on the upside as well
as the downside of the cycle (see Jordà et al., 2013; Jordà et al., 2016; Mian et al., 2017).
In this paper, we contribute to the empirical literature on credit “booms” and “busts” using a
comprehensive loan-level data set, which combines detailed U.S. geographic data on home mortgage
lending with bank-level regulatory income and balance sheet information. Specifically, we analyze
how differences in the financial health of banks affect the local supply of credit at various times,
and how the resulting geographic differences in credit supply conditions influence local economic
outcomes through their effect on home prices. To isolate fluctuations in the local supply of credit
due to differences in the financial health of banks, we use a novel variant of the influential Khwaja
and Mian (2008) identification strategy and exploit the fact that banks in our sample originate
1
But even within this latter strand of the literature, there is a considerable disagreement regarding the quantitative
significance of credit supply shocks for the employment decline during the Great Recession. Duygan-Bump et al.
(2015) and Greenstone et al. (2015), for example, present evidence showing that such effects account for less than
one-tenth of the employment decline, whereas Siemer (2019) estimates a number on the order of one-sixth to one-fifth.
Studies by Chodorow-Reich (2014), Mondragon (2014), Garcı́a (2017), and Glancy (2017), on the other hand, argue
that about one-third of the total employment employment decline during this period is attributable to adverse credit
supply shocks.
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home mortgages across multiple U.S. census tracts. Our analysis sheds light on how fluctuations
in home prices caused by changes in the local supply of mortgage credit—induced by changes in
the quality of banks’ balance sheets—affected a wide range of local economic outcomes during the
most recent credit boom, bust, and the subsequent recovery.2 This is an area of investigation that
at least in the U.S. has been hampered by the lack of systematic and comprehensive data linking
banks with their potential borrowers.
The turmoil that roiled financial markets during the 2007–09 period—especially the unprecedented decline in home prices that materialized in late 2006—severely eroded household wealth. As
emphasized by Mian and Sufi (2014), this reduction in household wealth and the resulting desire to
reduce leverage caused a significant decline in household spending, which then led to a contraction
in local employment in the nontradable goods industries. At the same time, the drop in home prices
led to a significant deterioration in the profitability and capital position of the banking industry. In
response, many banks imposed significantly more stringent lending standards and terms on their
borrowers during this period in order to conserve their liquidity and balance sheet capacity (see
Bassett et al., 2014). An important question in both policy and academic circles is the extent to
which the resulting pullback in credit led firms—especially small, bank-dependent firms—to slash
payrolls because they were unable to obtain the requisite bank financing to either maintain existing
levels of employment or to create new jobs.
In an influential early paper, Chodorow-Reich (2014) uses syndicated loan-level data to address
these questions. However, the fact that syndicated lending is almost exclusively a province of
large corporate borrowers, who typically have access to other forms of arm’s length finance (e.g.,
corporate bond and equity markets), limits the scope of his analysis. Moreover, because about
one-half of U.S. private employment is accounted for by firms with less than 250 employees—which
certainly do not rely on the syndicated loan market to meet their external financing needs—it
is important that any analysis of this question encompasses smaller firms, which tend to borrow
primarily from commercial banks. While Siemer (2019) does focus on small and young firms, his
analysis lacks the corresponding data on the quality of bank balance sheets or other information
from credit markets, which is crucial for gaining a more complete understanding of how credit
supply shocks affect local labor market conditions.
In a recent paper, Greenstone et al. (2015) use micro-level data on small business lending
from the Community Reinvestment Act (CRA) to examine the effect of credit supply shocks on
county-level employment outcomes during the Great Recession. Their main finding is that the
adverse shocks to the banks’ supply of small business credit had an economically small effect on
the massive contraction in employment during this period, accounting for at most five percent of
the observed decline in aggregate employment. Mondragon (2014), on the other hand, uses microlevel data on home mortgage lending from the Home Mortgage Disclosure Act (HMDA) and an
identification strategy that relies on the collapse of Wachovia bank in late 2008 to identify the
2

The focus on the recovery period is motivated by the growing literature that finds that deep recessions accompanied by financial crises have highly persistent effects on output (see Cerra and Saxena, 2008; Reinhart and Rogoff,
2009).
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effect of a credit supply shock on employment. According to his findings, by contrast, such shocks
account for about 30 percent of the decline in employment during the subsequent period.
Our identification strategy is related to those used by Greenstone et al. (2015) and Mondragon
(2014), but in addition to employment, we consider a much wider range of economic outcomes,
including the extent to which credit supply shocks affect home prices, building permits, wages,
personal income, and retail sales. We also examine how credit supply shocks affect employment
decisions of both young vs. old and small vs. large firms.3 In contemporaneous work, Garcı́a (2017)
employs a related strategy to identify shocks to the supply home mortgage credit, but considers
a much smaller set of economic outcome variables; moreover, he finds a statistically insignificant
effect of credit supply shocks on employment once one controls for state-level heterogeneity through
fixed effects.
Our identification strategy relies on observable changes in the quality of bank balance sheets
that have been orthogonalized with respect to changes in local demand conditions to measure shifts
in the supply of home mortgage credit at the local level. During the 2007–2010 “bust” period,
these bank balance-sheet induced contractions in home prices have stark implications for local
economic outcomes. A credit-supply induced decline in local home prices of one percent leads to a
0.18 percent decline in the local employment-to-population ratio and a 0.24 percent decline in local
income per capita. This credit supply shock also implies a 0.16 percent reduction in overall retail
spending and a 0.53 percent decline in the number of motor vehicle registrations. In addition, we
document that the credit-supply induced drop in home prices during the 2007–2010 period had an
especially adverse effect on employment growth at small and young firms and affected, in particular,
construction, non-tradable, and other service-related industries.
During the ensuing 2011–2015 “recovery” period we find that adverse credit supply shocks
continued to affect the economy on a fairly broad level. We find that a one percent credit-supply
induced decline in local home prices leads to a decline in the employment-to-population ratio of
0.15, just a little smaller than during the “bust” period. Similarly we find strong effects on motor
vehicle registrations and income but somewhat weaker effects on retail sales and building permits.
For the “boom” period, by contrast, we find that the identified credit supply shocks had more
limited effects on local economic outcomes, particularly employment.4 This finding could reflect the
fact that during credit booms, variation in home mortgage lending across counties is determined in
large part by local economic conditions, or that consumers and businesses are likely able to switch to
a non-distressed lender—or other sources of finance—in the event of an idiosyncratic deterioration
3
Our paper is also related to research that analyzes the implications of changes in credit supply on economic
activity before and after the recent financial crisis. Favara and Imbs (2015) examine the effect of mortgage credit
expansion on home price growth between 1994 and 2005 through an exogenous reduction in regulation during this
period; Flannery and Lin (2016) study the relationship between the rapid home price appreciation between the late
1990s and mid-2000s and banks’ willingness to supply small business credit; and Chen et al. (2017) use a related
methodology to analyze the effect of the withdrawal of the big four banks from small business lending on economic
outcomes after the financial crisis.
4
We define the boom period to encompass all years between 2003 and 2015 that do not fall in the 2007–2010 bust
period. Our definition of the boom thus covers two non-overlapping period: 2003–2006 and 2011–2015. Our analysis,
however, is robust to defining the boom as only encompassing the 2003–2006 period.
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in the health of their local banks. Consistent with both of these hypotheses, our estimated credit
supply shocks have noticeably less predictive power for the growth of home mortgage loans in the
cross-sectional dimension during the boom period.
The remainder of the paper is organized as follows. In Section 2, we first describe the construction of our data set, which matches HMDA lending by depository institutions with their regulatory
income and balance sheet filings; we also document that our data set is representative of the national trends in home mortgage lending, in both the time-series and cross-sectional dimensions.
Section 3 discusses the identification strategy used to obtain county-level estimates of credit supply
shocks; in this section, we also briefly describe our estimation methodology. Section 4 presents our
empirical results, while Section 5 offers a brief conclusion.

2

Data Sources and Methods

In this section, we provide a description of both the mortgage lending data and the economic
indicators that we use to assess the importance of credit supply shocks on local economic outcomes.

2.1

Home Mortgage Lending

The key micro-level data for our analysis come from the Home Mortgage Disclosure Act. The
Home Mortgage Disclosure Act requires a vast majority of U.S. financial institutions to maintain,
report, and publicly disclose information about home mortgages. Institutions subject to HMDA
must meet certain criteria, such as having assets above a specific threshold.5 In terms of types of
mortgage loans, we limit the HMDA sample to home mortgages for single-family home purchases,
as opposed to loans extended for home improvements or refinancing.6
Figure 1 depicts selected indicators in residential mortgage markets during the 2003–2015 period.
Panel A, shows the annual growth of aggregate single-family home mortgage loan originations from
HMDA agaist the growth of home prices. Clearly evident is the massive contraction in home
mortgage lending that started to materialize in 2006, as home prices began to slide from their lofty
peaks. Note that mortgage lending and home prices did not start to increase until 2012, well after
the official end of the recession.
The dynamics of mortgage lending and home prices over the 2003–2015 suggest three distinct
phases of a credit cycle: a credit boom that lasted from 2003 to 2006 and was followed by a credit
bust that lasted until 2010, and a subsequent recovery phase that started in 2011 and runs through
the end of our sample period. These three phases are also reflected in Panel B, which shows the
evolution of changes in banks’ credit standards on mortgage loans and the corresponding changes
5

The Congress originally enacted HMDA in 1975, and with passage of the Dodd-Frank Act in 2011, HMDA
rulemaking authority was transferred from the Federal Reserve Board to the Consumer Financial Protection Bureau.
6
Because we do not observe repayment of mortgage loans, limiting the sample to loans for home purchases means
we are capturing newly originated credit in a county, rather than an economically less important refinancing activity.
We restrict our sample to single-family home purchases because the HMDA data do not distinguish between home
purchases versus improvements or refinancing for multi-family homes.
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Figure 1 – Residential Mortgage Markets
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B. Changes in credit standards and demand for home mortgage loans
Note: Panel A depicts the annual growth of single-family home mortgage loan originations from HMDA and the
Q4/Q4 growth in the FHFA house price index. Panel B shows quarterly changes in bank lending standards on,
and demand for, residential real estate loans, as reported in the Senior Loan Officer Opinion Survey on Bank
Lending Practices.

loan demand, as reported in the Federal Reserve’s Senior Loan Officer Opinion Survey on Bank
Lending Practices (SLOOS). According to this survey, the boom period was characterized by a
steady erosion in banks’ credit standards, a pattern that was abruptly reversed in late 2006, as
more and more banks began to report that they have tightened standards (and terms) on home
mortgage loans. During the subsequent bust, credit conditions in residential mortgage markets
tightened significantly further, while the demand for mortgages weakened substantially. Credit
conditions reportedly started to ease somewhat in late 2012, while the demand for home mortgage
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Figure 2 – Home Mortgage Lending by Type of Institution
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B. Growth of home mortgage loan originations at banks and nonbanks
Note: Panel A depicts the share of home mortgage originations in HMDA accounted for by banks. Panel B
depicts the annual growth of home mortgage loan originations by banks and nonbanks.

credit was about unchanged, on balance, during the recovery phase of the credit cycle.
An important subset of financial institutions subject to HMDA are insured depository institutions, or “banks” for short.7 The other major actors in the residential mortgage markets, which
are also subject to HMDA, are “nonbanks,” mortgage companies such as Quicken loans, Loan Depot, PennyMac Financial, and United Wholesale Mortgage, which are more loosely supervised and
7
By “bank” we mean a top holder financial institution, such as a bank holding company (BHC) or a savings and
loan holding company (SLHC). Example of banks are institutions such as JPMorgan Chase, Bank of America, and
Wells Fargo.
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frequently cater to borrowers with impaired credit histories. As shown in Panel A of Figure 2, the
banks’ share of home mortgage loan originations fluctuated in the narrow range around 70 percent
during the boom and bust phases of the cycle, but has fallen to about 55 percent by the end
of our sample period, as banks scaled back their presence in the mortgage market, following the
imposition of regulations in the wake of the financial crisis. While both banks and nonbanks will
be included in some of our analysis, the main focus will be on banks because they are required
to provide comprehensive and standardized income and balance sheet data to their regulators. As
shown in Panel B, however, growth in home mortgage lending at banks and nonbanks is highly
correlated over our sample period, an indication that these two types of lenders behave in a similar
manner.
By focusing on banks allows to match their HMDA-reported home mortgage loan originations
with their income and balance sheet data from the Consolidated Financial Statements for Holding
Companies (FR Y-9C), the Reports of Condition and Income (Call Reports), or the Thrift Financial
Reports. We restrict our analysis to mortgage loans extended in the 48 contiguous U.S. states.
Because our identification strategies exploit variation in banks’ lending footprint across U.S. census
tracts, we limit our sample to banks that are lending in at least 10 census tracts, on average, per
year. We also remove from our sample those census tracts that do not have at least five banks
originating home mortgage loans, on average, per year. In general, our matched HMDA sample
provides very good coverage for most of the country, including all large population centers, although
there exist some—mostly rural—areas for which our coverage of mortgage lending is noticeably
sparser.

2.2

Local Economic Outcomes

While our primary geographic unit of analysis for home mortgage lending is a U.S. census tract,we
examine the effects of a credit-supply induced changes in home prices on a wide range of countylevel economic outcomes. The county-level economic indicators we consider in our analysis include:
(1) home prices, which are published by the FHFA; (2) data on private employment (aggregate and
sectoral) and annual wages are from the County Business Pattern database maintained by the U.S.
Census Bureau; (3) data on employment by firm size and age are from the Quarterly Workforce
Indicators maintained by the U.S. Census Bureau; (4) unemployment rates come from the U.S.
Bureau of Labor Statistics; (5) the number of building permits come from the Building Permits
Survey collected by the U.S. Census Bureau; (6) personal income data are from the Statistics of
Income published by the U.S. Internal Revenue Service; (7) retail sales data are from Moody’s economy.com; and (8) the number of new motor vehicle registrations come from IHS Markit (formerly
R. L. Polk & Company).
Annual growth rates of all relevant variables are computed as log-differences from year t − 1
to year t, the exception being the county-level unemployment rates, where we simply take the
first difference. To mitigate the effects of outliers on our results, we winsorize all growth rates
(or changes) at the bottom 0.25th percentile and the top 99.75th percentile. Table 1 provides the
7
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Table 1 – Summary Statistics of Local Economic Outcomes

population-weighted means and standard deviations for the various county-level economic indicators
during the boom (2003–2006), the bust (2007-2010), and the subsequent recovery (2011–2015).
Not surprisingly, all measures of economic activity indicate a severe, and in many instances
an abrupt, change in the pace of economic activity between the boom and bust phases of the
credit cycle. For example, home mortgage lending expanded at an average annual rate of almost
13 percent during the boom, but plummeted at 23 percent per year, on average, during the ensuing
bust. Consistent with the sharp turnaround in home mortgage lending, the switch in the growth
of home prices was also abrupt and severe—after rising at an average annual rate of almost eight
percent during the boom, home prices fell almost six percent per year, on average, during the
subsequent downturn. The concomitant deterioration in labor market conditions was also severe.
Whereas the employment-population ratio rose about half a percent per year, on average, during
the boom, it declined at more than a two percent average annual rate during the bust, and the
population-weighted average of unemployment rates increased about two percentage points per
year. Consistent with these patterns, the growth of average wages and personal income per capita
slowed considerably between the two periods.
Overall, the recovery is more similar to the boom, though it differs from that period in important
dimensions: The unemployment rate, for example, remained, on average, stubbornly high, edging
barely below the level reached during the bust. The average growth in the employment-population
ratio and personal income per capita, on the other hand, are both much closer to the rates registered
during 2003–06 period. While the growth of home mortgage loan originations resumed its brisk pace
during the recovery, the average rate of home price appreciation was considerably more subdued
compared with that registered during the boom.

3

Identification and Estimation

In this section, we describe the identification strategy used to estimate the shifts in the supply of
home mortgage credit at the census tract level. Our approach builds on Khwaja and Mian (2008),
Schnabl (2012), Jiménez et al. (2014), and, in particular, Greenstone et al. (2015) and exploits
the fact that banks in our sample originate mortgages across different local geographic areas. An
important advantage of this approach is that it does not require strong assumptions regarding the
source of differences in the supply of credit across banks. An additional advantage of this approach
is that, as a by product, it yields estimates of changes in the census-tract-level demand for credit.
The disadvantage, however, is that this approach is purely statistical in nature and thus is silent
on the sources of differences in banks’ supply of credit across narrowly defined geographic areas.
In our approach, we use the banks’ income and balance sheet data to isolate the portion of the
statistical credit supply effects arising from differences in the banks’ asset quality and capital positions. Furthermore, we use the estimated time-varying local credit demand shocks to orthogonalize
the supply-side effects based on bank health to obtain a novel set local supply-side instruments for
the growth of home home prices at the local level. We begin by discussing how we construct a
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county-level credit supply shock from the mortgage origination data at the bank/census-tract level.

3.1

Credit Supply Shocks at the Census Tract Level

To fix notation, let i = 1, . . . , It index banks, c = 1, . . . , Ct census tracts, and t = 1, . . . , T time
(in years). Then let Li,c,t denote the total dollar amount of home mortgage loan originations by
bank i in census tract c in year t. We decompose variation in the growth of home mortgage loan
originations between any given years t − 1 and t, denoted by ∇Li,c,t , into the within-census-tract
and between-census-tract components, according to
∇Li,c,t = µt + Si,t + Dc,t + i,c,t ,

(1)

where Si,t denotes a (period-specific) bank fixed effect, while Dc,t denotes a (period-specific) censustract fixed effect. To allow banks to enter and exit census tracts between any two consecutive years,
we compute growth rates as in Davis et al. (1996):
∇Li,c,t ≡

Li,c,t − Li,c,t−1
.
0.5 × (Li,c,t + Li,c,t−1 )

In this statistical framework, the geographic fixed effects capture variation in lending between
census tracts arising from differences in the local demand for credit. Bank fixed effects, in contrast,
capture variation in lending within census tracts and thus measure differences in the supply of
credit across banks, controlling for differences in their between-census-tract exposures.8
A number of recent studies employ the same kind of statistical decomposition as above, using
lending data at the bank/county level (see Mondragon, 2014; Greenstone et al., 2015; Flannery and
Lin, 2016; Garcı́a, 2017). Our choice of the more granular aggregation at the bank/census-tract
level is motivated by the fact that counties can be very very heterogeneous and thus a single fixed
effect is unlikely to capture accurately local credit demand considerations. A prime example for
this concern is Los Angeles county, the most populous county in the U.S. with about 10 million
inhabitants. Los Angeles county includes places such as Malibu, downtown Los Angeles, and
the Watts neighborhood, localities that differ signficantly along socio-economic, ethnic, and racial
dimensions. As a consequence, a county fixed effect is unlikely to accurately capture local credit
demand factors.
Census tracts, on the other hand, are much more homogeneous. By design, they average
about 4,000 inhabitants, with a minimum population of 1,200 and a maximum population of 8,000.
Census tracts may be adjusted—that is, reshaped, split, or merged—every 10 years to ensure
that they remain within these parameters. Moreover, census tract boundaries often follow visible
geographic features or invisible boundaries, such as those for incorporated municipalities (e.g.,
cities or towns).9 In the city of Los Angeles, for instance, census tracts are defined to match the
8

Because specification (1) allows for a time-varying intercept µt , the effects of aggregate shocks, which are common
to all banks and census tracts, are averaged out.
9
Because the average population of a census tract is about 4,000, census tracts covering a larger geographic area
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Figure 3 – Census Tracts Within Los Angeles County

No. of census tracts: 2,346
Population:
P05: 2,031
P50: 4,098
P95: 6,769

Note: The figure depicts the census tract boundaries in Los Angeles county based on the 2010 Census.

community boundaries. As shown in Figure 3, in the case of Los Angeles county, conducting our
analysis at the census tract—as opposed to county level—means that we are estimating almost
2,400 census tracts fixed effects every year, instead of a single county fixed effect, an approach that
is far more likely to accurately capture local credit demand factors.
Recent studies that estimate variants of specification (1) use the growth of the dollar amount
of loan originations between two adjacent time periods as a dependent variable. Our approach,
in contrast, identifies bank-specific shifts in the supply of credit between years t − 1 and t, the
estimates of Si,t , i = 1, . . . , It , using growth in the number of loan originations—that is, lending
at the bank’s extensive margin. Letting Ni,c,t denote the number of loan originations by bank i in
are less densely populated, whereas more densely populated tracts cover a smaller geographical area. For more details
see https://www2.census.gov/geo/pdfs/education/brochures/MyCommunity.pdf.

11

Figure 4 – Decomposition of Home Mortgage Lending
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Note: The red bars depict the growth of the number of loan originations (i.e., lending at the extensive margin),
while the yellow bars depict the growth in the average loan size (i.e., lending at the intensive margin). The solid
circles depict the growth of the dollar amount of loan originations (i.e., the sum of extensive and intensive lending
margins).

census tract c during year t, the dollar amount of loan originations, Li,c,t , can be decomposed as
Li,c,t = Ni,c,t × L̄i,c,t ,
where L̄i,c,t = Li,c,t /Ni,c,t is the average size of a loan by bank i in census tract c during year t.
The motivation for this choice is provided in Figure 4. The black dots in the figure depict the
growth rates of aggregate home mortgage loan originations, while the red and yellow bars represent
the corresponding aggregates of the growth in the number of loans and of the average size of the
loan, respectively. This decomposition clearly shows that fluctuations in bank lending over time
are driven primarily by changes in the number of loans extended—that is, by changes at the banks’
extensive margin of lending—rather than by changes in the average size of the loan, the intensive
margin. In fact, during the bust, the collapse in lending owes almost entirely to the reduction in
the number of loan originations, as the size of an average home mortgage loan actually increased
over the first couple of years. The average size of a home loan also tends to fluctuate with home
prices because the average size of a loan is likely to increase in periods during which home prices
are rising.
We apply this approach to our HMDA data on a year-by-year basis starting in 2003 and ending
in 2015. Specifically, using ∇Ni,c,t as a dependent variable, we estimate equation (1) by weighted
b —are
least squares (WLS), using bank market shares as weights. These weights—denoted by ω̄i,c,t

12

given by
b
ω̄i,c,t
=

t
L
1 X
P i,c,s
,
2
i∈Bc,s Li,c,s
s=t−1

where Bc,s denotes a set of banks that are active lenders in census tract c in year s. Note that
for any two consecutive years t − 1 and t, the estimated bank fixed effects Sbi,t , i = 1, . . . , It , only
identify relative shifts in the supply of credit across banks. Similarly, the estimated census tract
b c,t , c = 1, . . . , Ct , only identify relative shifts in the demand for credit across census
fixed effects D
tracts; hence without the loss of generality, we center the estimated bank and geographic fixed
effects to have a mean equal to zero in each period.
While intuitive and straighforward to implement, a disadvantage of this statistical identification
strategy is the lack of an understanding of what the bank-specific credit supply shocks Sbi,t , i =
1, . . . , It , are actually capturing. Moreover, the estimates of these shocks are potentially noisy,
which would have adverse effects in any kind of subsequent instrumental variable estimation. To
isolate a portion in the bank-specific credit supply shift that is due to changes in banks’ financial
health, we then estimate the following bank-level panel regression:
Sbi,t = β 0 BankHealthi,t + θ0 Controlsi,t−1 + ηi + λt + νi,t ,

(2)

where BankHealthi,t denotes a vector of bank health variables that influence the willingness and
ability of banks to intermediate credit, conditional on a vector or pre-determined bank-specific
control variables, denoted by Controlsi,t−1 , as well as bank and time fixed effects, ηi and λt , respectively. The portion of the statistical credit supply shift Sbi,t that is attributable to observable
changes in banks’ financial health is then given by
Sei,t = β̂ 0 BankHealthi,t .

(3)

We consider bank health in two key—though intertwined—dimensions: capital and loan losses.
The role of bank capital and loan losses in the credit allocation mechanism is well understood. A
well-capitalized bank, or a bank with ready access to additional sources of capital, will be able to
accommodate capital losses without reducing its assets and hence its lending. Moreover, if banks
actively manage their assets to maintain a target equity-capital-to-assets ratio—because they are
unable to easily raise equity to offset declines in capital—a capital loss will result in a reduction
in its assets that is equal to the size of the bank’s capital loss scaled up by the inverse of its
capital ratio (i.e., leverage ratio). To capture this intuition empirically, the vector BankHealthi,t in
specification (2) consists of two variables: the bank’s Tier 1 leverage ratio at the end of year t − 1
(T1LEVi,t−1 ) and the bank’s (net) charge-offs on its portfolio of loans during year t, scaled by its
stock of outstanding loans at the end of year t − 1 (CHGOFFi,t ).10
10

In a somewhat confusing banking parlance, the Tier 1 leverage ratio measures the banking organization’s core
capital relative to its total assets and is used by regulators worldwide to ensure the capital adequacy of banks and to
place constraints on the degree to which a financial company can leverage its capital base. The Tier 1 leverage ratio
is calculated by dividing Tier 1 capital by a bank’s average total consolidated assets and certain off-balance sheet
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Table 2 – Bank Health and Credit Supply Shocks
(LS Regressions: 2003–2015)
Dependent Variable: Sbi,t
Big Banksa

All Banks
Regressor
CHGOFFi,t
T1LEVi,t−1
CHGOFFi,t × T1LEVi,t−1
[RELNS/LNS ]i,t−1
SECi,t−1
[CDEP/L]i,t−1
[LNS/A]i,t−1
ln Ai,t−1

Pr > W b
R2 (within)
No. of banks
Observations

(1)

(2)

(3)

(4)

−6.828∗∗∗
(0.759)
3.502∗∗∗
(0.336)
.

−15.551∗∗∗
(2.353)
2.975∗∗∗
(0.355)
0.939∗∗∗
(0.247)
−0.144∗∗∗
(0.040)
25.460∗∗∗
(1.701)
0.147∗∗∗
(0.048)
−0.893∗∗∗
(0.068)
−0.262∗∗∗
(0.023)

−5.354∗∗∗
(1.679)
2.354∗∗∗
(0.862)
.

−19.592∗∗∗
(5.423)
1.227
(0.898)
1.616∗∗∗
(0.602)
−0.161
(0.103)
−0.432
(3.627)
0.074
(0.095)
−0.347∗∗
(0.168)
−0.163∗∗∗
(0.045)

−0.144∗∗∗
(0.040)
25.402∗∗∗
(1.702)
0.144∗∗∗
(0.045)
−0.882∗∗∗
(0.067)
−0.261∗∗∗
(0.022)
<.001
0.030

<.001
0.031
4,424
40,017

−0.170
(0.104)
−0.411
(3.640)
0.070
(0.095)
−0.341∗∗
(0.168)
−0.161∗∗∗
(0.046)
<.001
0.015

<.001
0.018
655
5,923

Note: The dependent variable in all specifications is Sbi,t , the estimated credit supply shock at the extensive margin
for bank i from year t−1 to year t (see the text for details). Explanatory variables: CHGOFFi,t = total loan charge-off
rate during year t; T1LEVi,t−1 = Tier 1 leverage ratio at the end of year t − 1; [RELNS/LNS ]i,t−1 = ratio of real
estate loans to total loans at the end of year t − 1; SECi,t−1 = indicator variable that equals 1 if bank i securitized
more than 10 percent of its home mortgage loan originations during year t − 1 and 0 otherwise; [CDEP/L]i,t−1 =
ratio of core deposits to total liabilities at the end of year t − 1; [LNS/A]i,t−1 = ratio of total loans to assets at the
end of year t − 1; and ln Ai,t−1 = log of (real) total assets at the end of year t − 1. All specifications include bank and
time fixed effects and are estimated by OLS. Asymptotic standard errors reported in parentheses are clustered across
banks: * p < .10; ** p < .05; and *** p < .01.
a
Banks with average (real) total assets of more than $1 billion.
b
p-value of the test of the significance of time fixed effects.

The vector Controlsi,t−1 consists of the bank’s exposure to real estate as measured by the
ratio of real estate loans to total loans outstanding (RELNS/LNSi,t−1 ) and how actively a bank
engages in securitization of its home mortgage loan portfolio as captured by an indicator variable
(SECi,t−1 ) that equals 1 if, in a given year, the bank securitized more than 10 percent of its mortgage
originations and 0 otherwise. In addition, we control for the extent to which banks engage in lending
by including the ratio of total loans to total assets ([LNS/A]i,t−1 ) and for bank size measured by
exposures. The “net” in the charge-off rate refers to losses on real estate loans net of the estimated recoveries.
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Figure 5 – Marginal Effects of Losses and Capital (All Banks)
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Note: The figure shows the estimated marginal effects with respect to the specified bank health variable implied
by the regression specification in column (2) of Table 2 (see the text and notes to Table 2 for details).

the log of (real) total assets (ln A). We also control for the difference in banks’funding models by
including the ratio of core deposits to total liabilities ([CDEP/L]i,t−1 ) in the vector Controlsi,t−1 .
Table 2 shows our estimates of the relationship between the statistical credit supply shocks and
our two bank health measures. As shown in column (1), an increase in real estate charge-offs implies
a negative credit supply shock, whereas an increase in the Tier 1 leverage ratio implies a positive
credit supply shock. In column (2), we consider a specification in which these two measures are
also allow to interact, which capures the nonlinear effects of how fluctuations in banks’ financial
health affect their willingness and ability to supply credit.
These interaction terms between charge-offs and Tier 1 leverage ratio can be best understood
graphically and are shown in Figure 5. According to the left panel, the negative relationship
between charge-offs and the bank-specific credit supply shocks becomes weaker with increases in
the Tier 1 leverage ratio. This finding confirms the intuition that banks with greater capital
cushions are more resilient to loan losses and that at higher levels of capital, a given level of losses
has less of an effect on their willingness or ability to intermediate credit. The right panel shows
that for a given level of losses, the effect of an increase in capital also has—though somewhat less
pronounced—nonlinear effect: The effect on credit supply when the bank is at the 90th percentile
of charge-offs is appreciably larger as when the bank is experiencing losses that are at the median
of the distribution.
Having estimated the bank-level credit supply effects attributable to variation in banks’ financial
health—the estimates of S̃i,t —an estimate of a census-tract-level shift in credit supply in year t,
denoted by S̃c,t , is then calculated as a weighted average of the bank-specific credit supply shocks
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in that census tract:
Sec,t =

X

b
ω̄i,c,t
× Sei,t ,

(4)

i∈B̄c,t
b
where ω̄i,c,t
is the average share of home mortgage lending in census tract c of bank i in years t

and t − 1. A deterioration in these census-tract-level estimates of banks’ financial health reflects,
in part, the willingness and ability of banks to supply mortgage credit, but, of course, it could also
be driven by a worsening of local economic conditions that at the same time depress the demand
for credit. To purge any local demand effects from our census-tract-level measures of bank health,
we estimate the following panel regression:
b (I) + θE D
b (E) + ηc + λt + ξc,t
Sec,t = θI D
c,t
c,t

(5)

b (E) and D
b (I) denote the census-tract-level estimates of the credit-demand effects at the
where D
c,t
c,t
extensive and intensive margins, respectively, estimated using specification (1); ηc is the census
tract fixed effect; and λt is the time fixed effect. The residuals ξˆc,t thus capture variation in banks’
financial health that can explain variation in credit supply across census tracts, which is orthogonal
to the estimated changes in local credit demand, as well as time and census tract fixed effects.
Figure 6 visualizes the census-tract-level credit supply shock estimates for the boom, bust, and
recovery in Los Angeles county. Note that the scale of shocks differs across the three periods as
the national average credit supply effect is zero and the relative credit supply shocks across census
tracts in Los Angeles county differ between boom, bust, and recovery. In particular, the average
credit supply shock for census tracts is above the national average during the boom, below during
the bust, and similar to the national average during the recovery. In these maps, the green-shaded
census tracts experienced, in a relative sense, positive credit supply shocks, whereas their red-shaded
counterparts experienced negative shocks, again relative to the other census tracts in Los Angelese
county. Importantly, in all three periods there is substantial heterogeneity in the estimated credit
supply shocks across census tracts, which underscores the importance of conducting this analysis
at the census tract rather than the county level.
Because we are interested in studying the effects of credit supply shocks on local economic
outcomes, we have to aggregate our estimates of the census-tract-level credit supply shocks to the
BH
county level. We construct the county level credit supply shock, denoted by Zk,t
, as the weighted

average of the census-tract-level credit supply shocks in that county:
BH
Zk,t
=

X

c
ω̄c,t
× ξˆc,t .

(6)

c∈Ck
c —are given by
The weights in the above aggregation—denoted by ω̄c,t

c
ω̄c,t

t
L
1 X
P c,s
=
,
2
c∈Ck Lc,s
s=t−1
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(7)

Figure 6 – Credit Supply Shocks in Los Angeles County
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Note: The panels of the figure depict the relative variation across census tracts in Los Angeles county in the
average estimated credit supply shocks, ξˆc,t , based on banks’ financial health during the boom (Panel A), bust
(Panel B), and recovery (Panel C). White areas correspond to census tracts with insufficient data to estimate
credit supply shocks (see the text for details).

where Ck denotes the set of census tracts in county k.
Figure 7 visualizes these estimated credit supply shocks across U.S. counties. Specifically, the
three heat maps show the geographic variation in our estimated county-level credit supply shocks
during the 2003–2006 boom period (Panel A), during the ensuing bust (Panel B), and during
the recovery (Panel C). In these maps, the green-shaded counties experienced, in a relative sense,
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Figure 7 – Credit Supply Shocks Across U.S. Counties
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Note: The panels of the figure depict the relative variation across U.S. counties in the average estimated credit
supply shocks based on bank health during the boom (Panel A), bust (Panel B), and recovery (Panel C). White
areas correspond to counties with insufficient data to estimate credit supply shocks (see the text for details).
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positive credit supply shocks, whereas their red-shaded counterparts experienced negative shocks,
again relative to other counties.
In both the spatial and time dimension, the patterns of the estimated credit supply shocks
accord well with the historical narrative. During the 2003–2006 housing boom (Panel A), a significant majority of counties in our sample registered, on average, positive credit supply shocks, with
negative shocks being confined to largely rural counties in the Central and Southern states. A mere
three years later (Panel B), the situation reverses abruptly: The Sand States of Arizona, California, Florida, and Nevada—the epicenter of the housing downturn—all experienced a severe relative
contraction in the supply of home mortgage credit. A similar pullback in the supply of credit is
also evident in the coastal areas of Northwest and the Northeast Corridor, regions that during the
boom period also experienced escalating home prices, which significantly outpaced income growth.
During the recovery (Panel C), credit supply shocks show less of a clear patterns. However, two
observations stand out. First, the coastal counties, which were most strongly affected during both
boom and bust periods, appeared to have experienced about average, or slightly below average,
credit supply shocks during this period. And second, rural areas appear to have been signifcantly
affected by a pullback in mortgage lending during the recovery, as evidenced by the increased share
of white-shaded counties, indicating the lack of sufficient observations to estimate credit supply
shocks.

3.2

Estimation

To examine how our estimated credit supply shocks affect economic outcomes across counties, we
estimate the following regression using county-level data:
∆2 Yk,t = β∆2 ln HPk,t + γ 0 Xk,t−3 + δt + k,t ,

(8)

where ∆2 Yk,t denotes the annualized log-difference (or change) in an indicator of economic conditions in county k from year t − 2 to year t, ∆2 ln HPk,t is corresponding annualized two-year
log-difference of the home price index in county k, and δt denotes the time fixed effect, which
captures aggregate economic shocks.
The of use of annual two-year overlapping growth rates allows fluctuations in home prices
induced by changes in credit supply conditions to filter into local economic outcomes over time (see
Nakamura and Steinsson, 2014). To account for the resulting overlapping nature of the residual
in the regression specification (8), we compute standard errors clustered by commuting zone, an
assumption that allows for arbitrary autocorrelation and cross-sectional dependence in the error
term k,t across counties within each commuting zone.11
11

Clustering at the commuting zone level is motivated by a number of influential papers in the labor economics literature, which argue that a county does not represent the most accurate definition of a local labor or housing market (see
Autor and Dorn, 2013; Autor et al., 2013; Chetty et al., 2014). Factors such as common wage and rent levels, as well
as job-finding and unemployment rates, can cross boundaries of a single county, which makes it difficult to define the
geographic area that is affected by a local credit supply shock. An alternative definition of a local economic area, introduced by Tolbert and Sizer (1996), is a commuting zone. Specifically, Tolbert and Sizer (1996) employ county-level
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Implicit in this specification is the assumption that fluctuations in the banks’ supply of home
mortgage credit influence local economic activity primarily through their effect on local home
prices. In other words, a positive local credit supply shock allows a greater number of households
to purchase homes in that area, which puts upward pressure on home prices and other real estate
assets. As a result, firms that own real estate can borrow, invest, and hire more following an increase
in the value of their assets—the so-called collateral channel (see Chaney et al., 2012; Loutskina and
Strahan, 2015; Adelino et al., 2015). Of course, the opposite dynamic is at work when the housing
market goes bust.
At the same time, the so-called bank lending channel argues that banks exposed to rising real
estate prices may increase their commercial and industrial (C&I) lending during the housing boom,
thereby easing the firms’ access to external finance, which leads to an increase in investment and
employment (see Kashyap and Stein, 2000; Kishan and Opiela, 2000; Ashcraft, 2006). However,
as documented recently by Chakraborty et al. (2018) banks that are active in strong housing
markets boost their mortgage lending at the expense of their C&I lending; that is, as home prices
increase, banks respond to profitable opportunities in mortgage lending by cutting back on their
C&I lending. These findings are also consistent with the recent work of Bord et al. (2018), who
show that increased exposure to real estate “crowds out” banks’ lending to small firms. In sum,
these findings suggest that the primary channel through which fluctuations in the supply of home
mortgage credit affect economic activity is through their influence on home prices.
The vector of covariates Xk,t−3 in specification (8) includes variables that control for systematic differences in counties that can potentially affect the relationship between changes in home
prices and local economic outcomes. Specifically, these control variables capture county-level heterogeneity in the following dimensions: (1) Industry composition: We use the industry-level employment data from the County Business Patterns to calculate the share of county employment
in the following four broad economic sectors: construction (EMP-CSTk,t−3 ), tradable goods industries (EMP-TRDk,t−3 ), nontradable goods industries (EMP-NTRDk,t−3 ), and other industries
(EMP-OTHk,t−3 ).12 The inclusion of these variables captures differences in the composition of
economic activity across counties: (2) Racial composition: To control for differences in racial
composition across counties, we use the 2000 Census data to calculate the share of county population that is black (SHR-BLACKk,2000 ), white (SHR-WHITEk,2000 ), and other (SHR-OTHk,2000 );
(3) Educational attainment: To control for differences in educational attainment across counties,
we use the 2000 Census data to calculate the share of population that does not have a highschool diploma (SHR-LESS-HSk,2000 ), the share that has a four-year college degree or higher
(SHR-COLLEGEk,2000 ), and the share that has a high school diploma and possibly some college
(SHR-HSk,2000 ); (4) Poverty rate: To control for differences in income and wealth across counties,
we include the poverty rate (POVERTYk,t ) from the Small Area Income and Poverty Estimates
commuting data from the 1990 Census to define 741 areas (722 of which are in the continental United States) that include one or multiple counties that feature strong commuting ties. A mapping between commuting zones and counties
can be found here https://www.ers.usda.gov/data-products/commuting-zones-and-labor-market-areas/.
12
In constructing these employment shares, we follow the methodology of Mian and Sufi (2014).
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program in the vector of control variables Xk,t−3 ; and (5) Banking concentration: To control for
differences in lenders concentration across counties, we use the full HMDA data set to calculate the
Herfindahl-Hirschman Index (HHIk,t ) of lender concentration for each county and year.

4

Results

In this section, we present the results based on the identification strategy outlined above. First,
however, we report the results from simple (weighted) least squares regressions for housing and
labor markets outcomes, which serve as a useful benchmark for our main IV results. Lastly, we
present the IV results for employment outcomes at the sectoral level—in particular, tradable vs.
non-tradable goods sectors—and also discuss our findings for employment outcomes at small vs.
large and young vs. old firms. The results reported below are based on county-level data, but
we emphasize that we reach very similar conclusions—both quantitatively and qualitatively—if we
perform the analysis at the commuting zone level.

4.1

Least Squares Estimation Results

This section describes the relationship between local economic outcomes and home mortgage lending
using population-weighted least squares regressions. These regression relationships are clearly not
causal, rather they are used to highlight key correlations in the data in both the full sample and
across the boom, bust and recovery periods. As such, they provide a useful point of reference
relative to the IV estimation results presented afterwards.
Table 3 explores the relationship between home price growth and labor market outcomes over the
full sample period. The top panel of Table 3 reports OLS estimates with observations weighted by
county. The regression also include time fixed effects to control for common macroeconomic shocks
as well as county-level controls discussed above. As expected, the growth in the employmentto-population ratio is positively associated with changes in home prices while the change in the
unemployment rate is negatively associated with changes in home prices. Earnings per employee,
income per capita and retail sales per capita also exhibit a positive correlation. The coefficient
estimates imply that a 10 percent increase in housing prices is associated with an increase in these
activity variables that is on the order of 0.7 to 1.4 percent. The association between housing price
growth and building permits and motor vehicle sales is especially strong – here the coefficient
estimates imply that a 10 percent increase in housing prices is associated with a 10 percent increase
in building permits and 4 percent increase in motor vehicles respectively.
The bottom panel of Table 3 reports the same results but now includes county fixed effects
to remove unobserved county characteristics. Removing the cross-county variation reduces the
coefficient estimates slightly but does not change their relative magnitudes. Nor does it alter the
precision of the estimates. The similarity between the two sets of estimates, with versus without
fixed effects, implies that there are no obvious concerns regarding omitted county-level controls that
affect the covariance among these variables in a quantitatively important manner. In what follows
21
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0.435
2,623
30,718

0.070∗∗∗
(0.008)

0.371
2,623
30,718

0.093∗∗∗
(0.008)

0.847
2,637
31,081

−0.033∗∗∗
(0.003)

0.845
2,637
31,081

−0.037∗∗∗
(0.003)

Unemployment
rate

0.462
2,623
30,718

0.053∗∗∗
(0.008)

0.441
2,623
30,718

0.070∗∗∗
(0.007)

0.430
2,563
28,892

0.735∗∗∗
(0.089)

0.450
2,563
28,892

0.963∗∗∗
(0.078)

Bldg. permits
per capita

0.519
2,637
31,109

0.113∗∗∗
(0.012)

0.500
2,637
31,109

0.138∗∗∗
(0.010)

Income
per capita

Dependent Variable: ∆2 Yk,t
Earnings
per employee

0.670
2,637
31,109

0.098∗∗∗
(0.011)

0.605
2,637
31,109

0.133∗∗∗
(0.010)

Retail sales
per capita

0.776
2,633
31,061

0.350∗∗∗
(0.042)

0.770
2,633
31,061

0.407∗∗∗
(0.035)

MV registrations
per capita

Note: The dependent variable is ∆2 Yk,t , the annualized log-difference (or simple difference in the case of unemployment rate) of the specified economic indicator
in county k from year t − 2 to year t. The explanatory variable in all specifications is ∆2 ln HPIk,t , the annualized log-difference in the county-level home price
index over the same two-year period. All specifications include time fixed effects and a set of control variables (not reported) and are estimated by WLS, using
county populations in year t − 3 as weights. Asymptotic standard errors reported in parentheses are clustered at the commuting zone level: * p < .10; ** p < .05;
and *** p < .01.

Adjusted R2
No. of counties
Observations

B. w/ county FE
∆2 ln HPIk,t

Adjusted R2
No. of counties
Observations

A. w/o county FE
∆2 ln HPIk,t

Regressor

Emp-to-pop
ratio

Table 3 – Home Prices and Local Economic Outcomes
(LS Regressions: 2004–2015)

we split the sample into three subperiods, and omit the fixed effects, given the usual concerns
regarding fixed effects panel estimation with short time periods.
Table 4 performs the same OLS estimation but now splits the sample into the boom (2004-2006),
bust (2007-2010) and recovery period (2011-2015). The positive association between economic
activity and housing price growth is robust across all sub-sample periods. There are stark differences
in the estimated relationships across these periods however with a notably stronger association
between housing price growth and economic activity during the bust relative to the boom. For
example, the coefficient on the employment to population ratio is 0.15 in the bust and only 0.06
in the boom. Similarly, the relationship between housing price growth and building permits varies
substantially across the three periods. A 10 percent rise in housing prices is associated with a 2.5
percent rise in building permits in the boom and a 14 percent rise during the bust. We see similarly
magnified effects on motor vehicle sales where a 10 percent rise in house prices implies a 2.7 percent
rise in motor vehicles during the boom and a 4.7 percent rise during the bust. In all cases, the
recovery period implies a stronger association between housing prices and economic activity than
the boom, but a somewhat weaker relationship than we see in the bust. The exception to this
pattern is earnings per employee where the response is comparable across all three periods. These
estimates are consistent with the notion that, owing to downward nominal wage rigidity, wages are
much more likely to rise in an expansion than they are to fall in a recession.

4.2

IV Estimation Results

We now turn to the IV estimation results that arguably reveal a causal link between increases in
home prices owing to credit supply shocks and employment outcomes. We begin by discussing our
first-stage estimation results that highlight the effect of credit supply on home prices. We then
turn to our second-stage estimates, which describe the effect of a credit-supply induced change in
home prices on a wide range of local economic outcomes.
4.2.1

First-Stage Results

To visualize the relationship between our credit supply estimates and house prices movements,
Figure 8 displays binned percentiles of the average credit shock supply shock in a county during a
time period against binned percentile outcomes of the housing price growth and mortgage lending
growth during these time periods. These binned scatter plots indicate a tight relationship between
credit supply and housing price growth during the boom and bust periods and a somewhat less
strong relationship during the recovery. We see a similarly positive relationship between credit
supply and mortgage growth during the boom, bust and recovery periods with somewhat more
dispersion in outcomes in the boom relative to the bust. The bust period also suggests a non-linear
relationship with large negative credit supply shocks more likely to be associated with large drops
in housing prices.
These binscatters display the raw cross-sectional data for each period and omit county-level
controls as well as aggregate controls. Table 5 reports the estimation results obtained from a first23
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Note: The dependent variable is ∆2 Yk,t , the annualized log-difference (or simple difference in the case of unemployment rate) of the specified economic indicator
in county k from year t − 2 to year t. The explanatory variable in all specifications is ∆2 ln HPIk,t , the annualized log-difference in the county-level home price
index over the same two-year period. Sample periods: Boom (2004–2006), Bust (2007–2010), and Recovery (2011–2015). All specifications include time fixed
effects and a set of control variables (not reported) and are estimated by WLS, using county populations in year t − 3 as weights. Asymptotic standard errors
reported in parentheses are clustered at the commuting zone level: * p < .10; ** p < .05; and *** p < .01.

Adjusted R2
No. of counties
Observations

C. Recovery
∆2 ln HPIk,t

Adjusted R2
No. of counties
Observations

B. Bust
∆2 ln HPIk,t

Adjusted R2
No. of counties
Observations

A. Boom
∆2 ln HPIk,t

Regressor

Emp-to-pop
ratio

Table 4 – Home Prices and Local Economic Outcomes
(LS Regressions: Boom, Bust, and Recovery)

Figure 8 – Credit Supply Shocks, Home Prices, and Mortgage Lending
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Note: The left panels depict (weighted) binned scatterplots of the annualized log-difference of county-level home
prices over the specified period against an average county-level credit supply shocks based on bank health over the
same period. The right panels depict (weighted) binned scatterplots of the annualized log-difference of county-level
home mortgage loan originations over the specified period against an average county-level credit supply shocks
based on bank health over the same period. County populations are used as weights.
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Table 5 – Credit Supply Shocks and Home Prices
(First-Stage Regressions: Boom, Bust, and Recovery)
Dependent Variable: ∆2 ln HPIk,t
Boom
(2004–2006)

Bust
(2007–2010)

Recovery
(2011–2015)

BH
Z̄k,t

0.643∗∗∗
(0.166)

0.782∗∗∗
(0.067)

0.635∗∗∗
(0.067)

Effective F a
R2
R2 (partial)b
No. of counties
Observations

15.106
0.456
0.429
2,606
7,537

Instrument

136.479
0.605
0.530
2,625
10,443

89.058
0.641
0.613
2,626
11,915

Note: The dependent variable in all specifications is ∆2 ln HPIk,t , the annualized log-difference of the home
BH
is the average credit supply shock based
price index in county k from year t − 2 to year t. The instrument Z̄k,t
on bank health in county k during years t − 1 and t (see the text for details). All specifications include time
fixed effects and a set of control variables (not reported) and are estimated by WLS, using county populations in
year t − 3 as weights. Asymptotic standard errors reported in parentheses are clustered at the commuting zone
level: * p < .10; ** p < .05; and *** p < .01.
a
The first-stage effective F -statistic (see Montiel Olea and Pflueger, 2013).
b
R2 from the specification that excludes the estimated credit supply shocks from the first-stage regression.

stage regression that is the basis of our IV estimation – a regression of the two-year change in local
house price growth on the two-year change in local credit supply shocks. These regressions include
both time fixed effects to control for all macroeconomic variation and the county-level controls
described above. The coefficient estimates reported in Table 5 are sizeable in magnitude across the
three subperiods and highly statistically significant. According to these estimates, a one standard
deviation positive credit supply shock leads to a 6 percent increase in house prices during the boom
and recovery periods and an 8 percent rise in house prices during the bust. Table 5 also reports the
effective F-statistic as described in Monteal, Olea and Pflueger (2013). The F-statistics are highly
significant during the bust and recovery periods and are at the margin of what one would consider
a concern for weak instruments during the boom period. The result in Table 5 imply that credit
supply shocks to mortgage lending have statistically important effects on home prices during both
the boom, bust, and recovery periods.
4.2.2

Local Economic Outcomes

We now present our main results: The IV estimates of the coefficient β in specification (8), where
the endogenous variable ∆2 log HPk,t is instrumented with our estimated mortgage credit supply
shocks.
We first consider full-sample estimates that provide the IV equivalent of the OLS regressions
reported in Table 3. Table 6 reports our key estimation results for the effect of credit-supply
induced changes in home prices on local employment outcomes. Panel A shows the results for the
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27

130.279
[0.072, 0.119]
2,621
29,510

0.098∗∗∗
(0.011)

94.509
[0.089, 0.129]
2,621
29,510

0.110∗∗∗
(0.009)

Emp-to-pop
ratio

131.474
[−0.052, −0.031]
2,635
29,867

−0.041∗∗∗
(0.005)

95.160
[−0.054, −0.036]
2,635
29,867

−0.045∗∗∗
(0.004)

Unemployment
rate

130.279
[0.024, 0.097]
2,621
29,510

0.059∗∗∗
(0.018)

94.509
[0.039, 0.106]
2,621
29,510

0.070∗∗∗
(0.016)

Earnings
per employee

130.929
[0.329, 1.306]
2,547
27,816

0.744∗∗∗
(0.233)

94.899
[0.520, 1.442]
2,561
27,830

0.887∗∗∗
(0.216)

Bldg. permits
per capita

131.091
[0.143, 0.256]
2,635
29,895

0.191∗∗∗
(0.027)

95.016
[0.160, 0.270]
2,635
29,895

0.204∗∗∗
(0.026)

Income
per capita

131.091
[0.023, 0.134]
2,635
29,895

0.079∗∗∗
(0.027)

95.016
[0.056, 0.162]
2,635
29,895

0.112∗∗∗
(0.025)

Retail sales
per capita

131.663
[0.302, 0.559]
2,631
29,847

0.418∗∗∗
(0.062)

95.221
[0.350, 0.586]
2,631
29,847

0.453∗∗∗
(0.055)

MV registrations
per capita

Note: The dependent variable is ∆2 Yk,t , the annualized log-difference (or simple difference in the case of unemployment rate) of the specified economic indicator in
county k from year t − 2 to year t. The endogenous explanatory variable in all specifications is ∆2 ln HPIk,t , the annualized log-difference in the county-level home
BH
price index over the same two-year period, which is instrumented by Z̄k,t
, the average credit supply shock based on bank health in county k during the same two-year
period (see the text for details). All specifications include time fixed effects and a set of control variables (not reported) and are estimated by weighted 2SLS, using
county populations in year t − 3 as weights. Asymptotic standard errors reported in parentheses are clustered at the commuting zone level: * p < .10; ** p < .05;
and *** p < .01.
a
The first-stage effective F -statistic (see Montiel Olea and Pflueger, 2013).
b
The Anderson-Rubin weak-instrument-robust 95% confidence interval of the 2SLS coefficient on ∆2 ln HPIk,t .

Effective F
A-R 95% CIb
No. of counties
Observations

B. w/ county FE
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations

A. w/o county FE
∆2 ln HPIk,t

Regressor

Dependent Variable: ∆2 Yk,t

Table 6 – Home Prices and Local Economic Outcomes
(IV Regressions: 2004–2015)

entire 2004–2015 sample period in the absence of county fixed effects, whereas Panel B shows the
results for specifications that include county fixed effects.
In terms of the labor market response, the coefficient estimates reported in Table 6 imply
economically large and statistically significant effects of credit-supply induced changes in home
prices on employment and wage outcomes over the 2004–2015 period. A ten percent credit-supply
induced decline in home prices leads to a 1.1 percent decrease in the employment-to-population
ratio, a 0.45 percentage point rise in the unemployment rate, and a 0.7 percent drop in wages.
Such a decline in home price also has significant effects on income and spending. Income per capita
falls by 2 percent while retail sales fall by 1.1 percent. As expected, building permits and motor
vehicle registrations exhibit the greatest sensitivity to credit-supply induced movements in house
prices. Building permits fall by 9 percent in response to a 10 percent drop in housing prices while
motor vehicles drop by 4.5 percent. Interestingly, these IV estimates are very comparable to the
coefficient estimates obtained from the OLS regressions reported in Table 6.
If there are important sources of unobserved heterogeneity at the county level then our IV
strategy may be called into question if the instrument is correlated with such unobservables. Panel B
reports the estimation results that control for unobserved heterogeneity by include county-fixed
effects rather than the time-invariante county controls. The inclusion of county fixed effects leaves
the coefficient estimates essentially unchanged, both qualitatively and quantitatively. These results
confirm that our IV estimates are robust to the inclusion of county fixed effects and thus are unlikely
to be overly influenced by unobserved heterogeneity across counties.
Table 7 now considers the same IV estimation across the boom, bust and recovery periods.
Panel A reports the coefficient estimates for the boom period, while Panel B and Panel C reports
the findings for the bust and recovery periods respectively. In broad terms, these estimation results
imply no statistically significant relationship between a credit-supply induced contraction in house
prices and economic activity during the boom but a strong impact of a credit-supply induced
contraction in housing prices on economic activity during both the bust and the recovery period.
In the boom, a 10 percent fall in housing prices leads to a 0.4 percent decline in employment, and
a 0.2 percentage point rise in the unemployment rate. Neither of these estimates are statistically
significantly different from zero. In the bust, a credit-supply induced 10 percent fall in house prices
leads to a 1.8 fall in employment and a 0.7 percentage point increase in the unemployment rate.
Thus, in economic terms, the response of employment to house prices is estimated to be four times
larger in the bust relative to the boom.
The effect of housing prices on other activity variables is also considerably stronger in the bust
relative to the boom. In the bust, a 10 percent reduction in housing prices leads to a 2.4 percent
increase in local income per capita and a 1.6 percent reduction in retail sales. Again, building
permits and motor vehicles are especially responsive to house price movements – building permits
fall by 16 percent while motor vehicles fall by 5 percent. In contrast, during the boom, a ten percent
drop in housing prices leads to a 1.1 percent drop in local income per capita and a slight fall in
retail sales, though neither of these estimates are significantly different from zero. In addition,
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87.026
[0.093, 0.212]
2,612
11,845

0.149∗∗∗
(0.029)

133.044
[0.135, 0.226]
2,611
10,387

0.183∗∗∗
(0.022)

15.318
[−0.062, 0.117]
2,592
7,278

0.038
(0.038)

Emp-to-pop
ratio

89.058
[−0.032, 0.024]
2,626
11,915

−0.005
(0.014)

136.374
[−0.091, −0.061]
2,625
10,429

−0.074∗∗∗
(0.007)

15.237
[−0.053, 0.005]
2,606
7,523

−0.022∗
(0.012)

Unemployment
rate

87.026
[0.070, 0.233]
2,612
11,845

0.141∗∗∗
(0.039)

133.044
[0.029, 0.126]
2,611
10,387

0.072∗∗∗
(0.023)

15.318
[−0.339, 0.067]
2,592
7,278

−0.058
(0.080)

Earnings
per employee

87.883
[−0.911, 1.091]
2,473
10,903

0.015
(0.487)

135.790
[0.955, 2.244]
2,509
9,751

1.581∗∗∗
(0.331)

14.581
[−2.836, 0.173]
2,502
7,176

−0.877
(0.608)

Bldg. permits
per capita

89.058
[0.089, 0.269]
2,626
11,915

0.178∗∗∗
(0.044)

136.479
[0.167, 0.332]
2,625
10,443

0.235∗∗∗
(0.039)

15.106
[−0.063, 0.230]
2,606
7,537

0.112∗
(0.062)

Income
per capita

89.058
[−0.038, 0.200]
2,626
11,915

0.074
(0.058)

136.479
[0.082, 0.250]
2,625
10,443

0.163∗∗∗
(0.040)

15.106
[−0.418, 0.132]
2,606
7,537

−0.041
(0.109)

Retail sales
per capita

89.087
[0.221, 0.683]
2,622
11,895

0.449∗∗∗
(0.113)

136.448
[0.353, 0.776]
2,621
10,427

0.528∗∗∗
(0.100)

15.158
[−0.622, 0.690]
2,602
7,525

0.235
(0.267)

MV registrations
per capita

Note: The dependent variable is ∆2 Yk,t , the annualized log-difference (or simple difference in the case of unemployment rate) of the specified economic indicator in
county k from year t − 2 to year t. The endogenous explanatory variable in all specifications is ∆2 ln HPIk,t , the annualized log-difference in the county-level home
BH
price index over the same two-year period, which is instrumented by Z̄k,t
, the average credit supply shock based on bank health in county k during the same two-year
period (see the text for details). Sample periods: Boom (2004–2006), Bust (2007–2010), and Recovery (2011–2015). All specifications include time fixed effects and a
set of control variables (not reported) and are estimated by weighted 2SLS, using county populations in year t − 3 as weights. Asymptotic standard errors reported
in parentheses are clustered at the commuting zone level: * p < .10; ** p < .05; and *** p < .01.
a
The first-stage effective F -statistic (see Montiel Olea and Pflueger, 2013).
b
The Anderson-Rubin weak-instrument-robust 95% confidence interval of the 2SLS coefficient on ∆2 ln HPIk,t .

Effective F
A-R 95% CIb
No. of counties
Observations

C. Recovery
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations

B. Bust
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations

A. Boom
∆2 ln HPIk,t

Regressor

Dependent Variable: ∆2 Yk,t

Table 7 – Home Prices and Local Economic Outcomes
(IV Regressions: Boom, Bust, and Recovery)

although estimated with a great deal of imprecision, the estimated coefficient for building permits
in the boom is negative while the estimated response of motor vehicles to house prices is less than
half in magnitude to the estimated response during the bust.
The response of employment to credit-supply induced change in house prices in the recovery is
almost as large as what we estimate during the bust – employment falls by 1.5 percent in response
to a ten percent decline in house prices. The comparable estimate in the bust is 1.8 percent. Despite
such a large impact on employment, the unemployment rate is unresponsive to house prices during
the recovery. This may reflect the fact that, to a large degree, employment growth in the recovery
was primarily driven by workers reentering the work force rather than exiting unemployment.
Another notable difference between the labor market response to housing prices in the bust
relative to the recovery is the response of wages as measured by earnings per employee. In response
to a ten percent decline in housing prices, wages fall by 1.4 percent in the recovery but fall by only
0.7 percent in the boom. By comparing these estimates to the response of employment we obtain
some idea of the slope of the wage Phillips curve across these two periods. In the bust, wages fall
by 0.4 percent for every 1 percent reduction in employment. In the recovery, wages fall by nearly 1
percent for every 1 percent rise in employment. Thus, the local wage Phillips curve is considerably
flatter in the bust relative to the boom. Since employment is contracting across nearly all counties
during the bust but rising in most counties during the boom, this asymmetry in wage adjustment
in the bust relative to the recovery is most plausibly ascribed to the role of downward nominal
wage rigidity.
In the recovery, we also see a strong impact of housing prices on income per capita and motor
vehicle registrations – income falls by 1.8 percent in response to a ten percent decline in house prices
while motor vehicles drop 4.4 percent. These responses are comparable to those estimated during
the bust. In contrast, the retail sales response is somewhat muted in the recovery relative to the
bust, especially given the similarity in the response of income per capita across the bust and reovery
periods. Translated into an elasticity, the estimated response of retail sales relative to income imply
that retail sales increase by 0.7 percent for each 1 percent increase in income during the bust but by
only 0.4 percent during the recovery. These differences may reflect perceived differences in the likely
persistence of income responses over these two periods. One should be cautious in interpreting the
retail sales numbers since the retail sales data are constructed from a combination of sources that
combine tax data and retail employment activity rather than from actual sales receipts. If instead
we gauge the local propensity to consume using the motor vehicle data we obtain elasticities that
are much more consistent across all three sample periods – they vary between 2.25 and 2.5 across
bust and recovery periods. These also line up well with the full sample estimated elasticity which
is also 2.25 in the IV regressions reported in Table 6.
The response of building permits across the sub periods also deserves further comment. Building
permits are highly responsive to house prices during the bust but appear to be unresponsive during
either the boom or the recovery. We should emphasize that the coefficient for building permits is
estimated with considerable noise in both the bust and the recovery. In addition, as we show below
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there is somewhat of a disconnect between construction employment and building permits so the
latter may not be fully indicative of local housing investment activity.
In summary, credit-supply induced house price changes have large effects on employment, wages,
income, building permits, retail sales and motor vehicle registrations over the 2004-2015 period.
Over the full sample, a ten percent decline in housing prices induces a 1 percent decline in employment, a 0.5 percentage point decline in the unemployment rate, and a 0.7 percent decline in
wages. This housing price decline also causes a 2 percent decline in income, a 1 percent decline
in retail sales, a 9 percent decline in building permits and a 4.5 percent decline in motor vehicle
registrations. These estimates mask an important degree of heterogeneity across the boom, bust
and recovery period. These estimated effects are almost entirely due to spillovers between house
prices and economic activity that occur during the bust and recovery rather than the boom. Overall
housing prices have a broader and in most cases larger impact in the bust relative to the recovery.
Nonetheless, credit-supply induced movements in local housing prices remain especially consequential for employment, income and motor vehicle sales during the recovery period. This is consistent
with the narrative that the slow recovery in the aftermath of the Great Recession was in part due
to a lack of credit supply that continued to depress local economic activity.
4.2.3

Employment in Tradable vs. Non-tradable Goods Sectors

A central question in the literature that examines the effect of changes in local lending on local
economic outcomes is the extent to which the response of economic activity reflects changes in
demand coming from household spending, an expansion in supply owing to greater access to credit
by firms, or some combination of these mechanisms that raise wages and income in general equilibrium. The increase in household spending may occur either because of direct wealth effects from
rising home prices and the simultaneous strengthening of household balance sheets. Higher home
prices and therefore greater access to collateral may also influence the ability of small and young
bank-dependent firms to gain access to credit.
One approach to dealing with this identification issue is to assume that local demand effects
influence firms in non-tradable good industries but have no effect on firms in tradable goods industries, as their demand is determined on a much broader geographic basis. This approach is not
without criticism as firms in non-tradable goods industries also tend to have characteristics that
make them more dependent on local banks than their counterparts in tradable goods industries.
Nonetheless, it is useful to gauge the extent to which employment results neatly divide across such
categories.
Figure 9 shows the evolution of employment in construction, tradable, non-tradable, and other
sectors.13 During the financial crisis, employment fell most strongly in construction, followed by
employment in tradable goods industries. Employment declines in non-tradable and other sectors,
13
The sectoral definitions are taken from Mian and Sufi (2014). To clarify the macroeconomic importance of
the different categories, it is worth noting that the “other” category accounts for about 50 percent of aggregate
employment during this time period.
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Figure 9 – Employment Trends by Sector
Percent deviation from 2007
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Note: The figure depicts the percentage change in the sector-specific level of employment relative to its 2007 level.
Sector definitions are taken from Mian and Sufi (2014). Counties with large HP declines (Panel A) are those where
the decline in home prices during the 2007–10 bust period was below the (population-weighted) median, whereas
counties with small HP declines (Panel B) are those where the decline in home prices during the 2007–10 bust
period was above the (population-weighted) median.

in contrast, were much more muted. During the recovery, employment in tradable goods industries
lagged significantly behind employment in other sectors.
Table 8 shows IV estimates of the effect of a credit-supply induced change in home prices
on employment in construction (CST), tradable (TRD), non-tradable (NTR), and other (OTH)
sectors. Perhaps unsurprisingly, the largest effect of such a credit supply shock is on employment
in the construction sector, during the boom, bust and recovery periods. Moreover, during the boom
there is essentially no effect on the other employment categories. Findings differ, however, for the
bust period. As in Mian and Sufi (2014), we find strong effects on employment in non-tradable
goods industries, which contain firms such as restaurants and other retailers that strongly depend
on local demand. As in Mian and Sufi (2014), local credit supply shocks do not affect employment
in the tradable goods sector (in a statistically significant way), where the demand is determined
outside of the local geographic area. This finding is consistent with the idea that local credit
conditions do not have a direct effect on the firms’ borrowing capacity. It may also reflect the
notion that firms in tradable goods industries are less exposed to local conditions, both in terms of
demand and in terms of their access to finance. In addition to a significant effect on employment
in the non-tradable goods sector, we find rather strong employment effects in the “other” sector.
This sector comprises almost one-half of total employment and contains those business that are not
easily classified in one of the other categories. Much of the “other” sector is services, which appear
to be significantly affected by local credit supply shocks.
Sectoral results for the recovery period are displayed in panel C of Table 8. Here again the
strongest effect of housing prices is on the construction sector. The coefficients estimates imply
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Table 8 – Home Prices and Sectoral Employment
(IV Regressions: Boom, Bust, and Recovery)
Dependent Variable: ∆2 ln[E/P ]k,t
Regressor
A. Boom
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations
B. Bust
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations
C. Recovery
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations

Construction

0.277∗∗∗
(0.093)
15.350
[0.052, 0.487]
2,575
7,243
0.558∗∗∗
(0.070)
133.119
[0.436, 0.730]
2,596
10,314
0.546∗∗∗
(0.071)
86.924
[0.410, 0.701]
2,597
11,753

Tradables

Non-tradables

Other

−0.267
(0.201)

0.062
(0.049)

0.001
(0.058)

14.148
[−0.908, 0.088]
1,998
5,612

15.313
[−0.058, 0.169]
2,589
7,271

15.315
[−0.126, 0.145]
2,591
7,274

−0.075
(0.085)

0.257∗∗∗
(0.055)

0.099∗∗∗
(0.028)

133.386
[−0.267, 0.088]
2,033
7,883

133.052
[0.133, 0.363]
2,607
10,372

133.123
[0.035, 0.151]
2,609
10,376

0.034
(0.140)

0.040
(0.043)

0.086∗∗
(0.044)

86.516
[−0.258, 0.316]
2,023
9,053

86.999
[−0.051, 0.124]
2,609
11,831

86.987
[0.003, 0.181]
2,610
11,834

Note: The dependent variable is ∆2 ln[E/P ]k,t , the annualized log-difference of the sectoral employment-population
ratio in county k from year t − 2 to year t. The endogenous explanatory variable in all specifications is ∆2 ln HPIk,t ,
the annualized log-difference in the county-level home price index over the same two-year period, which is instruBH
mented by Z̄k,t
, the average credit supply shock based on bank health in county k during the same two-year
period (see the text for details). Sample periods: Boom (2004–2006), Bust (2007–2010), and Recovery (2011–
2015). All specifications include time fixed effects and a set of control variables (not reported) and are estimated
by weighted 2SLS, using county populations in year t − 3 as weights. Asymptotic standard errors reported in
parentheses are clustered at the commuting zone level: * p < .10; ** p < .05; and *** p < .01.
a
The first-stage effective F -statistic (see Montiel Olea and Pflueger, 2013).
b
The Anderson-Rubin weak-instrument-robust 95% confidence interval of the 2SLS coefficient on ∆2 ln HPIk,t .

that construction employment is equally responsive to credit-supply induced fluctuations in housing
prices during the recovery phase as it is during the bust period. This is consistent with the notion
that the construction sector remained depressed in part due to concerns regarding credit availability
of both home buyers and the lack of available financing for construction loans, particularly for home
building on a speculative basis. Although there is no longer a consequential link between home

33

prices and employment in the non-tradeable sector, we still see a statistically and economicially
important effect of employment on the “other” category. As with construction, the size of the
coefficient implies that employment in this sector is nearly as responsive to housing prices in the
recovery as it is in the bust.
4.2.4

Employment at Small vs. Large and Young vs. Old Firms
Figure 10 – Employment Trends by Firm Age and Size
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Note: Panels A and B depict the percentage change in the level of employment at young and old firms relative
their respective 2007 levels, while Panels C and D depict the percentage change in the level of employment at
small and large firms relative to their respective 2007 levels. Counties with large HP declines (Panels A and C)
are those where the decline in home prices during the 2007–10 bust period was below the (population-weighted)
median, whereas counties with small HP declines (Panels B and D) are those where the decline in home prices
during the 2007–10 bust period was above the (population-weighted) median.

Historically, much attention has been paid to the relevance of financing constraints at small vs.
large firms (see Gertler and Gilchrist, 1994; Chodorow-Reich, 2014). More recently, there has been a
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literature emerging that focuses on the relationship between financing constraints and employment
at young and old firms (see Siemer, 2019). Figure 10 shows the evolution of employment at small
and large firms (left panel), as well as at young and old firms (right panel), with all series measured
relative to their respective levels in 2007. Here, we define employment at small firms as the total
employment at firms with less than 250 employees. This cutoff implies that small firm employment
accounts for nearly half (45 percent) of total aggregate employment. We define employment at
young firms as the total employment at firms that are five years in age or younger. Using this
definition, young firm employment accounts for fifteen percent of total aggregate employment.
During the crisis, employment at small firms fell significantly relative to employment at large
firms. Moreover, hiring at small firms continued to lag notably behind that of large firms during
the subsequent recovery. Similarly, employment at young firms fell dramatically during the Great
Recession and continued to decline for several years after the official end of the downturn. Only
starting in 2013 did employment at young firms started to grow again, though as of 2015, it still
remained more than 15 percent below its 2007 level.
Table 9 shows our IV estimates for the effect of credit-supply induced changes in home prices
on employment at these firm categories. During the boom (Panel A), a credit-supply induced
increase in home prices significantly increased employment at young firms and small firms but had
no significant impact on old and large firms. (The estimated coefficients for employment at the
old and large firm categories are in fact negative though not statistically significant) In contrast,
during the bust, employment across both young and old and small versus large firm categories
respond positively to credit-supply induced house price movements. We also see that employment
at young firms is more responsive than employment at old firms (0.329 vs 0.136) during the bust.
Similarly, employment at small firms is more responsive than employment at old firms during this
period (0.218 vs 0.0148). Finally, panel C, reports results for the recovery period. Here there is
no evidence of a differential response between young and old firm employment. We still see an
important differential response between small and large firms during the recovery period however.
There are two additional features of Table 9 that are worth commenting on. First, the estimated
effect of housing prices on young firm employment is largest during the boom period. Thus rising
collateral values appears to have a large effect on local employment of young firms during this
period. The large collapse in young firm employment during the bust displayed in figure xx does
not seem to be related to local housing outcomes. This is consistent with the notion that such firms
may have simply been unable to obtain credit regardless of their available collateral. Moreover,
the lack of growth at young firms during the recovery phase also appears to be largely independent
of local house price outcomes. Second, the sensitivity of employment at small firms is relatively
constant across the boom, bust and recovery periods. In contrast, employment at large firms
becomes sensitive to local housing prices during the bust.
The overall greater sensitivity of small and young firms to housing price shocks may be due to
the fact that such firms are more sensitive to local demand conditions overall and this is reflected
in their response to local housing price shocks. Similarly, the increased sensitivity of large firms to
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Table 9 – Home Prices and Employment By Firm Age and Size
(IV Regressions: Boom, Bust, and Recovery)
Dependent Variable: ∆2 ln[E/P ]k,t
Regressor
A. Boom
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations
B. Bust
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations
C. Recovery
∆2 ln HPIk,t

Effective F a
A-R 95% CIb
No. of counties
Observations

Young

0.771∗∗∗
(0.208)
15.317
[0.452, 1.503]
2,587
7,271
0.329∗∗∗
(0.103)
133.131
[0.098, 0.526]
2,606
10,369
0.133
(0.123)
86.999
[−0.102, 0.403]
2,606
11,827

Old

Small

Large

−0.094∗
(0.055)

0.187∗∗
(0.074)

−0.153
(0.097)

15.317
[−0.281, −0.008]
2,587
7,271

14.871
[0.067, 0.435]
2,359
6,678

14.871
[−0.498, −0.004]
2,359
6,678

0.136∗∗∗
(0.017)
133.131
[0.102, 0.173]
2,606
10,369
0.136∗∗∗
(0.031)
86.999
[0.075, 0.201]
2,606
11,827

0.218∗∗∗
(0.022)
132.796
[0.179, 0.271]
2,369
9,445
0.180∗∗∗
(0.035)
86.321
[0.114, 0.257]
2,369
10,851

0.148∗∗∗
(0.039)
132.796
[0.055, 0.219]
2,369
9,445
0.081∗
(0.047)
86.321
[−0.016, 0.178]
2,369
10,851

Note: The dependent variable is ∆2 ln[E/P ]k,t , the annualized log-difference of the employment-population ratio at
firms of different age and size in county k from year t − 2 to year t. The endogenous explanatory variable in all
specifications is ∆2 ln HPIk,t , the annualized log-difference in the county-level home price index over the same two-year
BH
period, which is instrumented by Z̄k,t
, the average credit supply shock based on bank health in county k during the
same two-year period (see the text for details). Sample periods: Boom (2004–2006), Bust (2007–2010), and Recovery
(2011–2015). All specifications include time fixed effects and a set of control variables (not reported) and are estimated
by weighted 2SLS, using county populations in year t−3 as weights. Asymptotic standard errors reported in parentheses
are clustered at the commuting zone level: * p < .10; ** p < .05; and *** p < .01.
a
The first-stage effective F -statistic (see Montiel Olea and Pflueger, 2013).
b
The Anderson-Rubin weak-instrument-robust 95% confidence interval of the 2SLS coefficient on ∆2 ln HPIk,t .

house prices during the bust could be due to demand-side considerations if there is a stronger link
between housing price fluctuations and demand during the bust relative to the boom. This appears
to be the case given that motor vehicles are indeed more responsive to housing price fluctuations
during the bust relative to the boom.
One way to control for local demand considerations is to add the motor vehicle registrations
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Table 10 – Home Prices, Local Demand, and Employment By Firm Age and Size
(IV Regressions: Boom, Bust, and Recovery)
Dependent Variable: ∆2 ln[E/P ]k,t
Regressor
A. Boom
∆2 ln HPIk,t
∆2 ln[MV /P ]k,t

Effective F a
A-R 95% CIb
No. of counties
Observations
B. Bust
∆2 ln HPIk,t
∆2 ln[MV /P ]k,t

Effective F a
A-R 95% CIb
No. of counties
Observations
C. Recovery
∆2 ln HPIk,t
∆2 ln[MV /P ]k,t

Effective F a
A-R 95% CIb
No. of counties
Observations

Young

Old

Small

Large

0.791∗∗∗
(0.207)
−0.084
(0.055)

−0.105∗∗
(0.051)
0.051∗∗∗
(0.018)

0.184∗∗
(0.076)
0.008
(0.019)

−0.163∗
(0.095)
0.058∗
(0.030)

17.576
[0.460, 1.445]
2,583
7,259

17.576
[−0.259, −0.019]
2,583
7,259

17.081
[0.060, 0.422]
2,355
6,666

17.081
[−0.466, −0.010]
2,355
6,666

0.273∗∗
(0.121)
0.111∗∗∗
(0.040)
120.150
[−0.009, 0.201]
2,369
10,353
0.146
(0.127)
−0.015
(0.025)
80.918
[−0.101, 0.423]
2,602
11,807

0.114∗∗∗
(0.020)
0.045∗∗∗
(0.013)
120.150
[0.069, 0.154]
2,369
10,353
0.117∗∗∗
(0.032)
0.037∗∗∗
(0.008)
80.918
[0.052, 0.185]
2,602
11,807

0.184∗∗∗
(0.022)
0.070∗∗∗
(0.012)
119.535
[0.141, 0.234]
2,369
9,429
0.162∗∗∗
(0.035)
0.035∗∗∗
(0.008)
80.092
[0.095, 0.241]
2,365
10,831

0.125∗∗∗
(0.048)
0.045∗∗
(0.020)
119.535
[0.007, 0.209]
2,369
9,429
0.068
(0.050)
0.026∗∗
(0.010)
80.092
[−0.035, 0.168]
2,365
10,831

Note: The dependent variable is ∆2 ln[E/P ]k,t , the annualized log-difference of the employment-population ratio at
firms of different age and size in county k from year t − 2 to year t. The endogenous explanatory variable in all
specifications is ∆2 ln HPIk,t , the annualized log-difference in the county-level home price index over the same two-year
BH
period, which is instrumented by Z̄k,t
, the average credit supply shock based on bank health in county k during the same
two-year period (see the text for details); a proxy for local demand, ∆2 ln[MV /P ]k,t , is the the annualized log-difference
in the county-level number of motor vehicle registrations per capita from year t − 2 to year t. Sample periods: Boom
(2004–2006), Bust (2007–2010), and Recovery (2011–2015). All specifications include time fixed effects and a set of
control variables (not reported) and are estimated by weighted 2SLS, using county populations in year t − 3 as weights.
Asymptotic standard errors reported in parentheses are clustered at the commuting zone level: * p < .10; ** p < .05;
and *** p < .01.
a
The first-stage effective F -statistic (see Montiel Olea and Pflueger, 2013).
b
The Anderson-Rubin weak-instrument-robust 95% confidence interval of the 2SLS coefficient on ∆2 ln HPIk,t .
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as a direct control for local demand. In particular, because motor vehicles are entirely tradeable,
their price does not respond to local economic conditions but the quantity sold in a local area is
entirely determined by local demand. Hence, automobile sales represent an almost ideal proxy for
local demand. The primary caveat here is that, to the extent that local auto dealerships rely on
local banks for credit, they may be forced to hold less inventory and contract sales volume. This
would imply that the motor vehicle sales would be partially correlated with credit supply effects
impinging on firm activity and hence would overestimate the demand component. This in turn
would bias downward the instrumented impact of housing prices.
Table 10 shows the results when including motor vehicle sales growth as a control for local
demand in the set of small vs. large and young vs. old employment regressions. This proxy for local
demand has an economically important and statistically significant effect on employment across all
categories except young firms. Importantly, the estimated effect of a credit-supply induced shock to
housing prices does not differ substantially from the baseline estimates when controlling for demand.
These findings are consistent with the argument that credit-supply induced reductions in housing
prices lead to reductions in collateral and therefore credit availability to firms that subsequently
respond by contracting employment conditional on local demand.

5

Conclusion

In this paper, we introduced a novel approach that links a common statistical identification strategy
to observable bank health characteristics as a way to cleanly disentangle credit supply from credit
demand during the 2003–2006 credit boom, the 2007–2010 credit bust, and the and 2011–2015
recovery in the U.S. economy. Using this identification strategy to construct an instrument for
credit supply shifts, we find that credit supply shocks have significant impact on home mortgage
lending and home prices at the local level during the boom, bust and recovery periods.
In the boom period, such credit-supply induced increases in housing prices primarily affected
the employment in the construction sector. We find very little evidence that these house price
movements spilled over into other sectors. The one exception to this is that employment of young
firms appears to be highly sensitive to house price fluctuations during the boom. In contrast, during
the bust, credit-supply induced contractions in house prices had widespread effects on employment
in the non-tradeables sector and more broadly. It also had a pronounced effect on retail sales and
motor vehicle sales. We also observe heightened sensitivity of economic activity to credit supply
induced housing price shocks in the recovery period. Again this sensitivity is relatively broad-based,
and appears in both the response of employment, income, and retail and motor vehicle sales. This
finding suggests that the slow recovery may in part be due to the slow recovery in house prices and
its affect on overall demand and employment.
Finally, we examine the sensitivity of employment at small versus large firms and young versus
old firms. Young firm employment is most sensitive to house price fluctuations in the boom period.
Small firm employment is equally sensitive to house price fluctuations across the boom, bust and
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recovery period. Thus the heightened sensitivity during the bust comes from large firms whose
employment is typically not responsive to local credit conditions. These results still obtain after
controlling for local demand conditions using motor vehicle sales. As such, they suggest that creditsupply induced house price fluctuations induce changes in local demand conditions and also have
direct supply side effects on employment conditional on changes in household demand.
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Addtional Maps

This section includes two sets of maps: 1. Corresponding to the estimated (orthogonolized) bank
health supply effects in the main text for Los Angeles County, we show below the estimated demand
effects for Los Angeles County. 2. On the U.S. wide maps shown in the main text, some states
appear rather homogeneous due to the scale of the map. To illustrate that there is significant
within state variation in the supply effect we provide a more detailed map of the (orthognolized)
supply effects in California.

A.1

Estimated Demand Effects for LA County
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Figure A.1 – Credit Demand Shocks in Los Angeles County
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Note: The panels of the figure depict the relative variation across census tracts in Los Angeles county in the
average estimated credit demand shocks during the boom (Panel A), bust (Panel B), and recovery (Panel C)
periods. White areas correspond to census tracts with insufficient data to estimate credit supply shocks (see the
text for details).

A.2

Estimated Supply Effects for California
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Figure A.2 – Credit Supply Shocks, ξˆc,t , in California
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Note: The panels of the figure depict the relative variation across census tracts in California in the average
estimated credit supply shocks, ξˆc,t , during the boom (Panel A), bust (Panel B), and recovery (Panel C) periods.
White areas correspond to census tracts with insufficient data to estimate credit supply shocks (see the text for
details).
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