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Abstract
We use a comprehensive data set of home mortgage loan originations from HMDA matched
with the banks’ income and balance sheet statements to analyze how fluctuations in the supply
of mortgage credit affect commuting-zone-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 counties, which we then link to the bank balance sheet.
Our results indicate that during busts, changes in the supply of home mortgage credit have
significant—in both economic and statistical terms—effects on commuting-zone-level economic
performance: During the 2007–2010 bust period, a relative reduction in the supply of mortgage
credit led to large declines in home prices and building permits, a decline in the employmentpopulation ratio and an increase in the unemployment rate, a significant decline in the growth
of average wages and income per capita, a sharp drop in overall retail sales and a steep decline in
auto vehicle purchases. Consistent with the presence of financial market frictions, the pullback
in the supply of mortgage credit during this period led to a particularly severe job losses at small
and young firms. During the 2003-06 boom, by contrast, supply-induced changes in mortgage
lending appear to have no effect on commuting-zone-level economic outcomes.
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Introduction

The Great Recession originated in the U.S. housing sector, disrupted the credit-intermediation
process on a global scale, resulted in about 3.8 million foreclosures over the 2007–2010 period,
and ultimately led to a loss of about eight million American jobs. While much recent economic
research shows that there is a strong systematic relationship between credit booms and subsequent
economic downturns (see Jordà et al., 2013; Jordà et al., 2016; Mian et al., 2016), there nevertheless
remains considerable disagreement about the quantitative significance of credit supply shocks for
macroeconomic outcomes. Regarding the Great Recession, a period studied with an special intensity
by economists, the findings in the literature range from assigning the massive decline in private
employment almost entirely to an aggregate demand channel (Mian and Sufi, 2014), which links
household spending to housing price declines, to studies that suggest that adverse credit supply
shocks primarily work through restricting credit access to and hence employment demand of firms.
Within this firm-based analysis, the literature also offers significantly different conclusions regarding
the likely role of credit on employment: Duygan-Bump et al. (2015) and Greenstone et al. (2015)
suggest that such effects account for less than one-tenth of the employment decline; Siemer (2016)’s
analysis implies a number on the order of one-sixth to one-fifth; other recent studies such as
Chodorow-Reich (2014), Mondragon (2014), Garcı́a (2017) and Glancy (2017) suggests a number
on the order of one-third of total employment.
The above mentioned studies all share a common feature of relying on local variation in economic
outcomes to infer the importance of credit supply, either through a household balance sheet channel
or through a direct effect on firms’ ability to obtain the working capital necessary to finance
employment. The variation in these estimates reflects both alternative methods used to identify
credit supply shocks and alternative sources of local variation, geographic and otherwise, that may
influence the resulting estimates.
In this paper, we contribute to this literature using a comprehensive data set which combines
detailed geographic data on home mortgage and small business lending with bank-level regulatory
income and balance sheet information. To isolate fluctuations in the supply of credit, we use a
novel identification strategy, which exploiting the fact that banks originate home mortgage loans
and small business loans across multiple U.S. counties. Our primary analysis sheds light on the
interaction between the supply-induced contraction in the availability of home mortgage credit—in
particular those caused by the deterioration in the quality of bank balance sheets—and a wide
range of local economic outcomes. 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. We also follow Greenstone et al. (2015) and explore the extent to which credit supply
shocks to small business lending can account for significant variation in local economic outcomes.
The turmoil that roiled financial markets during the 2007–2009 period—especially the unprecedented decline in home prices that materialized in late 2006—severely eroded household wealth.
As emphasized by Mian and Sufi (2014), the reduction in household wealth and resulting desire
to reduce leverage had the potential to cause significant reductions in household spending which
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then caused contractions in local employment associated with non-tradable goods industries. This
reduction in housing prices also caused significant deterioration in the capital position of the banking industry. In response, many banks imposed significantly more stringent lending standards and
terms on their borrowers 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.
This paper seeks to advance our understanding of these issues along several dimensions. While
Chodorow-Reich (2014) uses syndicated loan-level data, the study’s scope is limited by 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). Moreover,
because 50 percent of U.S. employment is accounted for by firms with less than 250 employees—and
are therefore highly unlikely to tap 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 extensively from commercial banks. Siemer (2016), in contrast, does focus on small and
young firms but lacks the corresponding data on the quality of bank balance sheets, information
that is crucial for gaining a more complete understanding of how credit supply shocks affect 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
employment outcomes. Their main finding is that the adverse shocks to the banks’ supply of credit
to small businesses had an economically small effect on the massive contraction in employment
during the recent financial crisis, accounting for at most 5 percent of the observed decline in
employment. Like our study, Mondragon (2014) uses micro-level 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 effect of a credit supply shock on employment.
According to Mondragon (2014)’s findings, by contrast, such shocks account for about 30 percent
of the decline in employment during the financial crisis.
Our identification strategies are 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 versus old and small versus large firms.1 In contemporaneous work, Garcı́a
1

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.
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(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, this study finds a statistically
insignificant effect of credit 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 home mortgage credit supply at the local level. During the 2007-2010 bust period, these
bank-balance sheet induced contractions in home mortgage lending have stark implications for
local economic outcomes. A credit-supply induced one percent reduction in local mortgage lending
leads to a 0.5 percent drop in house prices, a 0.07 percent fall in local employment and a 0.12
percent drop in local income. This credit supply shock also implies a 0.1 percent reduction in
overall retail spending and a 0.3 percent fall in motor vehicle spending. In addition, we document
that the supply-induced contraction in home mortgage credit 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.
For the 2003–2006 boom period, by contrast, we find that the identified credit supply shocks had
no effect on local economic outcomes. This finding could reflect the fact that during lending 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 in the health of their local
banks. Consistent with both of these hypotheses, our estimated supply shocks have noticeably less
predictive power for the growth of home mortgage loans in the cross-sectional dimension during
the 2003–2006 boom period.
Consistent with the findings in Greenstone et al. (2015) our results also imply that credit-supply
induced contractions in small business lending as measured in the Community Reinvestment Act
data have no obvious impact on local economic activity either during the 2003-2006 boom or 20072010 bust period. Nonetheless, our finding that local employment of small and young firms is
highly sensitive to supply-induced changes in home mortgage lending suggests that such lending
activity does influence the ability of bank-dependent firms to finance employment activity. This
may occur because home mortgage lending is more representative of overall credit conditions in a
local area than are loans to business with revenues small enough to be defined as small business
lending by the CRA (i.e. firms with less than $1 million in revenue annual revenue). In addition,
home mortgage lending may comove strongly with land values that serve as collateral that both
small and medium size businesses rely on to obtain external finance.
Our primary analysis uses distinct commuter zones to define geographically distinct local areas
in which to study the effect of credit supply shocks on housing market and employment outcomes.
We view this as the most relevant geographic level of analysis in terms of sharply delineating local
labor market conditions. In contrast to MSAs, our commuter zones encompass all counties in the
continental United States. We are therefore able to gauge the effects of local credit supply shocks
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on the most comprehensive employment data available. Although we focus on commuter zones as
the relevant geographic unit, the identified effects of credit supply shocks on home prices, building
permits, employment, wages, personal income, and retail sales are qualitatively and quantitatively
robust to the analysis being performed at the more disaggregated county level. This finding is
reassuring since county-level analysis allows us to control for state-level differences in both longerterm growth trends and economic policy through the inclusion of state fixed effects.
The remainder of the paper is organized as follows. In Section 2, we describe the construction of
our data set that matches HMDA lending by depository institutions with their regulatory income
and balance sheet filings, and we document that our data set is representative of the 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 detailed description of both the lending data and the local economic
activity data that we use to assess the importance of credit supply shocks on economic outcomes.
Although our primary unit of analysis is a commuter zone, this commuter-zone data is built up from
county-level data that is constructed from a wide-variety of sources. We first discuss county-level
lending data and then discuss the economic outcome data available at the county-level.

2.1

Home Mortgage and Small Business Lending

The key micro-level data for our analysis come from two sources: (1) Home Mortgage Disclosure
Act (HMDA) and (2) Community Reinvestment Act (CRA). 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.2 The aim of the Community Reinvestment Act is
to encourage insured depository institutions to help meet the credit needs of the communities in
which they operate—consistent with safe and sound banking practices—especially low and moderate
income neighborhoods.3
In terms of types of mortgage loans, we limit the HMDA sample to home mortgages for singlefamily home purchases, as opposed to loans extended for home improvements or refinancing.4 In
2

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.
3
CRA was enacted by the Congress in 1977, and the institution’s CRA record is taken into account by its regulator
(the Board of Governors of the Federal Reserve System, the Federal Deposit Insurance Corporation, or the Office
of the Comptroller of the Currency) in considering the institution’s application to merge with or acquire another
company.
4
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.
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defining small business lending, we limit the CRA sample to commercial and industrial (C&I) loans
extended to businesses with gross annual revenues of $1 million or less.5
Figure 1 – Home Mortgage and Small Business Lending
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Note: The red line depicts the annual growth of home mortgage loan originations from HMDA, while the blue
line depicts the annual growth of small business loan originations from CRA.

Figure 1 depicts the growth of aggregate home mortgage loan originations from HMDA and
the growth of aggregate small business loans from CRA from the 2003 to 2010, the sample period
covered by our analysis. 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. Small
business lending, in contrast, exhibits a less clear cyclical pattern: The growth of small business loan
originations picked up in 2006 and held up through 2007 before plummeting over the subsequent
two years.
An important subset of financial institutions subject to HMDA are insured depository institutions, or “banks” for short.6 Banks accounted, on average, for about 70 percent of total HMDA
lending over the 2003–2010 period, with the biggest three banks, JPMorgan Chase, Bank of America, and Wells Fargo, being the largest lenders. Nonbank lenders subject to HMDA include financial
companies such as Quicken Loans and PHH Mortgage. For each year of our sample period, we match
HMDA home mortgage lending and CRA small business lending by banks 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 exclude
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.
5
More generally, the CRA data contain loans to larger firms as long as the loan itself is below $1 million. Overall
our findings are similar if we use this broader definition of small business loans.
6
By “bank” we mean a top holder financial institution, such as a bank holding company (BHC) or a savings and
loan holding company (SLHC).
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nonbank lenders from our analysis because we are unable to match these institution to detailed
regulatory income and balance sheet data.7
In the case of both HMDA and CRA data, we restrict our analysis to loans extended in counties
of the 48 contiguous U.S. states. Because our identification strategies exploit variation in lending
footprints across counties, we limit our sample to banks that are lending in at least three counties
in any given year. Table 1 summarizes the key dimensions of our data set. Note that our bank
lending data—both through home mortgages and small business loans—cover about 3,000 counties
in every year of the sample period. When it comes to HMDA data, the sample includes about
2,500 banks in a typical year. Small business lending, in contrast, is far less pervasive and in a
typical year, the CRA sample includes only about 530 banks. The median bank serves six counties
when it comes to home mortgage lending and 11 counties when it comes to small business lending.
Table 1 – Characteristics of the Data Used in Estimation
HMDA
Variable
No. of counties per year
No. of banks per year
Observations per year
Counties per bank
Bank sizea ($billions)

CRA

Min

P50

Max

Min

P50

Max

2,970
2,276
48,592
3
0.03

2,992
2,536
66,382
6
0.38

3,003
2,620
80,284
2,721
2,300.9

3,077
518
26,467
3
0.12

3,092
535
32,518
11
1.20

3,095
984
36,896
3,062
2,300.9

Note: Sample period: annual data from 2003 to 2010.
As measured by total assets deflated by the CPI (2010 = 100).

a

Figure 2 highlights the geographic coverage of our data. Specifically, for each county and each
year, we first calculate the share of all HMDA and CRA loan originations accounted for by banks
in the two data sets. For each county, we then average these shares over the 2003–2010 period.
The resulting average shares for home mortgage lending are shown in panel (a), while panel (b)
shows the corresponding shares for small business lending. According to panel (a), our HMDA
sample is quite representative of aggregate mortgage trends in the geographic dimension: The
median coverage is over 60 percent, with the range running from a low of 17 percent to a high
of 100 percent. In general, our HMDA sample provides good coverage for the vast majority of
counties, including all large population centers, although there exist some—mostly rural—counties
for which our coverage of mortgage lending is noticeably sparser. As shown in panel (b), our CRA
sample captures a vast majority of small business lending during the 2003–2010 period, on average.
The median coverage is over 80 percent, with lowest average share of more than 30 percent. All
told, this evidence strongly indicates that our findings are not driven by a few counties or states.
7

Note that CRA, by its very definition, encompasses lending by banks only.
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Figure 2 – Geographic Coverage of Bank Lending

(a) Home mortgage lending

(b) Small business lending
Note: Panel (a) shows the variation in the average county-level share of home mortgage loan originations over
the 2003–2010 period in our sample, while panel (b) shows the corresponding variation in the average county-level
share of small business loan originations. White areas correspond to counties not covered by our sample (see the
text for details).
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2.2

Local Economic Outcomes

As noted above, we examine the effects of a supply-induced change in bank lending on a wide
range of local economic outcomes. While we observe bank lending at a county level, a number of
influential papers in the labor economics literature have made a compelling argument that a county
does not represent the economically most sensible 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, typically cross boundaries of a single
county, making it difficult to define the geographic area that is affected by a credit supply shock.
An alternative definition of a local economic area, introduced by Tolbert and Sizer (1996), is a
commuting zone (CZ). Tolbert and Sizer (1996) employ county level 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.8 Compared with states, metropolitan
areas, or counties, commuting zones have two distinct advantages. First, they cover the whole of
United States, which allows the measurement of credit supply effects for the entire country, rather
than just metropolitan areas. Second, because commuting zones group together counties based on
commuting flows—where people live and work—they capture the economic integration that can
span county or state lines.
We construct a wide range of economic indicators from the “ground up,” using source data at
the county level. The economic indicators include: (1) home prices and new home sales are sourced
from CoreLogic; (2) data on private employment (aggregate, sectoral, and by firm size and age)
and annual wages are from the County Business Pattern database maintained by the U.S. Census
Bureau; (3) unemployment rates come from the U.S. Bureau of Labor Statistics; (4) the number
of (single-family) building permits come from the Building Permits Survey collected by the U.S.
Census Bureau; (5) personal income data are from the Statistics of Income published by the U.S.
Internal Revenue Service; (6) retail sales data are from Moody’s economy.com; and (7) the number
of new motor vehicle registrations come from IHS Markit (formerly R. L. Polk & Company).
We first aggregate these indicators to a commuting zone level. Employment, the number of
new home sales, the number of building permits, personal income, retail sales, and the number of
new motor vehicle registrations are normalized by the corresponding commuting zone population,
whereas annual wages are normalized by the number of employees. Annual growth rates of all
relevant variables are computed as log-differences from year t − 1 to year t, the exception being the
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 2 provides the population-weighted means and standard deviations for the main economic
indicators during the 2003–2006 boom and 2007–2010 bust periods in U.S. commuting-zones. Not
surprisingly, all measures indicate a severe, and in many instances an abrupt, change in the pace of
8

A mapping between commuting zones and counties can be found here https://www.ers.usda.gov/
data-products/commuting-zones-and-labor-market-areas/
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economic activity between these two periods. For example, home mortgage lending expanded at an
average annual rate of 11 percent during the 2003–2006 period, but plummeted at 23 percent per
year, on average, during the ensuing three years. Small business lending, by contrast, registered a
much less abrupt turnaround, growing at an average annual rate of only about 2.5 percent during
the boom period before contracting severely during the bust.
Table 2 – Summary Statistics of Commuting Zone Economic Outcomes
Boom: 2003–2006
Variable
Home mortgage lending (%∆)
Small business lending (%∆)
Home prices (%∆)
Home sales per capita (%∆)
Bldg. permits per capita (%∆)
Employment-population ratio (%∆)
Avg. unemployment rate (%)
Wages per employee (%∆)
Income per capita (%∆)
Rtl. sales per capita (%∆)
Rtl. sales (ex. MV) per capita (%∆)
MV registrations per capita (%∆)
Memo: Populationa

Mean
11.03
2.67
7.74
−2.64
−4.32
0.46
5.39
4.04
5.05
5.40
6.31
−0.88
0.41

StdD
7.02
11.25
4.63
13.73
10.44
1.17
1.12
1.23
1.53
1.78
1.71
4.11
1.08

Bust: 2007–2010
Mean
−23.13
−25.86
−6.34
−22.47
−27.74
−3.17
7.42
1.64
0.51
−2.31
−0.82
−13.26
0.43

StdD
7.62
9.17
4.25
12.59
12.67
1.28
1.63
1.17
1.75
1.90
1.78
5.40
1.11

Note: The entries in the table denote the population-weighted means and standard deviations of the annualized
log-difference (or the average level of the unemployment rate) in the specified commuting zone economic indicator
over the specified three-year period. Summary statistics are based on winsorized data (see the text for details).
a
Population is in millions of persons in the year prior to the specified three-year period (not weighted).

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 8 percent
during the boom period, home prices fell more than 6 percent per year during the subsequent
downturn. The concomitant deterioration in labor market conditions was also severe. Whereas
the employment-population ratio rose about 0.5 percent per year, on average, during the boom, it
declined at more than a 3 percent average annual rate during the bust, and the population-weighted
average of unemployment rates increased about 2 percentage points per year. Consistent with these
patterns, the growth of average wages and personal income per capita slowed considerably between
the two periods.

3

Identification and Estimation

In this section, we describe the identification strategy used to estimate county-level shifts in the
supply of home mortgage and small business credit. Our approach, builds on Khwaya 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 loans across different local geographic areas.
9

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 byproduct, it yields estimates of changes in the county-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 counties. 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
mortgage lending and small business credit.
We first discuss how we construct a county-level credit supply shock measure from the countybank level lending data. We then discuss how to appropriately modify our identification strategy to
construct commuting-zone credit supply shocks as our final analysis is conducted at the commutingzone level.

3.1

Identifying Credit Supply Shocks at the County Level

To fix notation, let j = 1, . . . , Jt index banks, k = 1, . . . , Kt county, and t = 1, . . . , T time (in
years). Then let Lj,k,t denote the total dollar amount of loan originations by bank j in county k in
year t. The approach of Greenstone et al. (2015) decomposes variation in the growth of loan originations between any given years t−1 and t into the within-county and between-county components,
according to
∆ ln Lj,k,t = Sj,t + Dk,t + j,k,t ,

(1)

where Sj,t denotes a (period-specific) bank fixed effect, while Dk,t denotes a (period-specific) county
fixed effect. In this statistical framework, the geographic fixed effects capture variation in lending
between counties arising from differences in local demand for credit. Bank fixed effects, in contrast,
capture variation in lending within counties and thus measure differences in the supply of credit
across banks, controlling for differences in their between-county exposures.9
Recent papers that apply this decomposition to either small business lending covered by CRA
(Greenstone et al., 2015; Flannery and Lin, 2016) or home mortgage lending covered by HMDA
(Mondragon, 2014; Garcı́a, 2017), estimate specification (1) using 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 Sj,t , j = 1, . . . , Jt , using the growth in the number of loan originations—that is,
lending at the bank’s extensive margin. Letting Nj,k,t denote the number of loan originations
by bank j in county k during year t, the growth rate in the dollar amount of loan originations,
9

Because specification (1) allows for time-varying bank fixed effects, the effects of aggregate credit shocks, which
are common to all banks and counties, are averaged out.
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∆ ln Lj,k,t , can be decomposed as
∆ ln Lj,k,t = ∆ ln Nj,k,t + ∆ ln L̄j,k,t ,
where L̄j,k,t = Lj,k,t /Nj,k,t is the average size of a loan by bank j in county k during year t, and
∆ ln L̄j,k,t represent lending at the bank’s intensive margin.
The motivation for this choice is provided in panels (a) and (b) of Figure 3. In the two panels,
the black dots depict the growth rates of aggregate home mortgage loan originations (panel (a))
and small business loans (panel (b)), while the red and yellow bars represent the corresponding
averages 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 Great Recession, the collapse in lending owes entirely to the reduction in the number
of loan originations, as the size of an average home mortgage and small business loan actually
increased over that period.
Our second change involving this approach concerns the choice of weights in the estimation
of specification (1). Typically, this regression is estimated by weighted least-squares, using bank
market shares as weights. These weights—denoted by bj,k,t —are given by
Lj,k,t
,
j∈Bk,t Lj,k,t

bj,k,t = P

where Bk,t denotes a set of banks that are active lenders in county k during year t. Clearly,
observations with relatively high b-weights—that is, where the market share of lending of bank j
in county k is high—are useful in identifying bank-specific credit supply shocks. However, we can
also define a set of weights that capture the importance of a particular county in a given bank’s
loan portfolio. These weights—denoted by cj,k,t —are given by
Lj,k,t
,
k∈Kj,t Lj,k,t

cj,k,t = P

where Kj,t denotes a set of counties where bank j has originated loans during year t. Observations
with relatively high c-weights, in contrast, should be useful in identifying the county-specific credit
demand shocks. Our empirical implementation incorporates both sources of information by using
the geometric average of the b-weights and c-weights (as of year t − 1) as estimation weights.10
We apply this approach to our HMDA and CRA data on a year-by-year basis starting in 2003
10

Amiti and Weinstein (2013) show that the weighted least-squares estimation of specification (1) is not efficient
because it ignores the implicit adding-up constraints. That is, a county is unable to borrow more, unless at least
one bank is willing to lend more; and a bank cannot increase lending, without at least one county demanding more
credit. They show that by imposing these adding-up constraints results in more efficient estimates of bank-specific
credit supply shocks and county-specific demand shocks.
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Figure 3 – Decomposition of Home Mortgage and Small Business Lending
Percent
Dollar amount

Number of loans
Average loan size

30
20
10
0
−10
−20
−30
−40
−50

2003

2004

2005

2006

2007

2008

2009

2010

(a) Growth of home mortgage lending
Percent

50

25

0

−25

−50

Dollar amount

Number of loans
Average loan size

−75

−100

2003

2004

2005

2006

2007

2008

2009

2010

(b) Growth of small business lending
Note: The red bars in each panel 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 lines depict the growth of the dollar amount of loan originations (i.e., the sum extensive and
intensive margins).

and ending in 2010.11 Note that for any two consecutive years t − 1 and t, the estimated bank
fixed effects Ŝj,t , j = 1, 2, . . . , Jt , only identify relative shifts in the supply of credit across banks.
Similarly, the estimated county fixed effects D̂k,t , k = 1, 2, . . . , Kt , only identify relative shifts in
11
When using ∆ ln Nj,k,t as the dependent variable, we consistently explain about 50 percent of the total variation
in both types of lending for each year of the sample period.
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the demand for credit across counties; 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.
A disadvantage of a pure reduced form identification strategy, however, is the lack of an understanding of what the bank specific supply shocks capture. To isolate a portion in the bank-specific
credit-supply shift that is due to changes in bank health, we then estimate the following bank-level
panel regression:
Ŝj,t = βBankHealthj,t + ηj + λt + νj,t ,

(2)

where BankHealthj,t denotes a vector of bank health variables that influence the willingness and
ability of banks to intermediate credit. The portion of the credit-supply shift that is due to change
in bank health is then constructed as
S̃j,t = β̂BankHealthj,t ,

(3)

Table 3 shows our estimates of the relationship between the credit supply shock in HMDA and
CRA and bank health measure. With regard to the HMDA data, column (1) shows that an increase
in real estate charge-offs implies a worse credit supply shock, whereas a higher tier 1 capital ratio
and a larger bank size imply a better credit supply shock. With regard to the bank fixed effect
identified using the CRA data we find a much weaker relationship with bank health. Column (3)
shows that an increase in commercial and industrial charge-offs is correlated with a worse supply
shock, this relationship is economically and statistically weaker than the corresponding relationship
in the HMDA data however.
The interaction terms between charge-offs and tier 1 capital in columns (2) and (4) can be best
understood graphically. Figure 4 shows the marginal effects for HMDA, Panel (a), and CRA, Panel
(b). With respect to charge-offs, the top left panel shows that the negative relationship between
charge-offs and the bank fixed effect becomes weaker with increases in the tier 1 capital ratio.
This confirms the intuition that banks with higher tier 1 capital are safer and that a given level of
charge-off has a smaller effect on those banks with higher capital. The right panel shows that for
a given tier 1 capital ratio that the effect of an increase in charge-off has a non-linear effect. The
effect of being in the 90th percentile of real estate charge-offs on bank health is almost double that
of a bank at median charge-offs. Panel (b) shows the corresponding graphs for the CRA data and
shows a similar relationship as in the HMDA data.
Having estimated the bank level credit supply shock due to bank health, S̃j,t , an estimate of
a county level shift in credit supply in year t, S̃k,t , is then calculated as a weighted average of
bank-specific supply effects in the commuting-zone:
S̃k,t =

X
j∈Bk,t−1

b
P j,k,t−1

!
× S̃j,t ;

k = 1, . . . , Kt ,

(4)

j∈Bk,t−1

where Ŝj,t is the centered estimated fixed effect of bank j, bj,k,t−1 is the home mortgage lending of
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Table 3 – Bank Health and Credit Supply Effects
E
Dependent Variable: ∆Ŝj,t

HMDA
Explanatory Variables

CRA

(1)

(2)

RE-CHGj,t

−4.040∗∗∗

−12.073∗∗∗

CI-CHGj,t

(0.656)
.

(2.098)
.

1.151∗∗∗
(0.327)
.

0.709∗∗
(0.338)
0.891∗∗∗
(0.225)
.

T1LEVj,t−1
RE-CHGj,t × T1LEVj,t−1
CI-CHGj,t × T1LEVj,t−1

.

RE-SHRj,t−1
CI-SHRj,t−1
ln Aj,t−1

−0.088∗∗∗
(0.030)
.

−0.085∗∗∗
(0.029)
.

−0.131∗∗∗
(0.027)

−0.132∗∗∗
(0.027)

Pr > W a
R2
No. of banks
Observations

<.001
0.235

<.001
0.236
3,697
17,457

(3)

(4)

.

.

−1.167∗
(0.652)
1.603∗∗∗
(0.509)
.

−4.478∗
(2.655)
1.180∗
(0.608)
.

.

0.359
(0.284)
.

.
−0.313∗
(0.188)
−0.144∗∗∗
(0.045)

−0.311∗
(0.187)
−0.141∗∗∗
(0.042)

0.353
0.258

0.345
0.259
1,080
4,656

E
Note: Sample period: annual data from 2003 to 2010. The dependent variable is ∆Ŝj,t
, the estimated credit supply
effect at the extensive margin for bank j from year t − 1 to year t (see the text for details). Explanatory variables:
RE-CHGj,t = charge-off rate on real estate loans during year t; CI-CHGj,t = charge-off rate on C&I loans during
year t; T1LEVj,t−1 = Tier 1 leverage ratio at the end of year t − 1; RE-SHRj,t−1 = share of real estate loans at the
end of year t − 1; CI-SHRj,t−1 = share of C&I loans at the end of year t − 1; and ln Aj,t−1 = log of 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
p-value of the test of the significance of time fixed effects.

bank j in county k in year t − 1 and

P

j∈Bk,t−1

is the total home mortgage (small business) lending

in county k in year t − 1.
A deterioration in a county-level measure of bank health could reduce the willingness of banks
to supply 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 further purge any local demand effects from the county-level measures of bank health, we
then estimate the following regression;
S̃k,t = β D̂k,t + ηk + λt + ξk,t ,

(5)

where we use county level population as weights, D̂k,t denotes the county level demand effects
14

Figure 4 – Marginal Effects
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(a) Home mortgage lending
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(b) Small business lending
Note: Panel (a) shows the estimated marginal effects with respect to the specified bank health variable implied
by the regression specification in column (2) of Table 3, while panel (b) shows the estimated marginal effects with
respect to the specified bank health variable implied by the regression specification in column (4). See the text
and notes to Table 3 for details.

estimated in equation 1, ηk are county fixed effects and λt are time fixed effects. Importantly, we
include two county level demand measures, D̂k,t , in the regression above. The first measure is based
on the extensive margin of bank lending, i.e. the number of loans, whereas the second one is based
on the intensive margin of bank lending, i.e. the size of loans. The residuals ξˆk,t capture variation
in bank health across counties that is orthogonal to the estimated changes in local credit demand
as well as time and county fixed effects.
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Figures 5 and 6 visualize the estimated credit supply shocks for HMDA and CRA data at
the county-level. The heat maps in Figure 5 show the geographical variation in the estimated
county-level credit supply shocks during the 2003–2006 housing boom (Panel A) and during the
ensuing bust (Panel B) for. Specifically, for each county, we calculate the arithmetic average of the
E
estimated extensive margin credit supply effects—denoted by Ŝk,t
—over the specified three-year

period. In these maps, the green-shaded counties experienced, in a relative sense, positive credit
supply shocks, whereas their red-shaded counterparts experienced negative shocks, again relative
to other counties. Figure 6 show the corresponding county-level credit supply shocks for the CRA
data.
Note that in both the spatial and time dimension, the patterns of credit supply shocks accord
well with the historical narrative for the HMDA estimates shown in Figure 5. During the housing
boom, 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, 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 house prices, which significantly outpaced income growth.
The patterns in Figure 6 are less intuitive. The regional patterns are much less strong than in
the HMDA data and the two different time periods do not suggest particularly strong variations in
counties credit conditions over time. It is clear from these maps that the correlation of the CRA
credit supply shocks with key macro-economic outcomes in boom and bust periods is much weaker
than in the HMDA data. While it is impossible to determine why the CRA data appear to be less
useful to estimate credit supply shocks, the underlying law, the Community Reinvestment Act of
1977, may provide some useful insights. For example, the CRA captures the issuance of new lines
for credits for businesses but it does not capture how and when the lines of credit are utilized (or
cut). More fundamentally, the CRA has the objective to allow regulators to evaluate if depository
institutions meet the needs of the community, which includes low, medium, and high income areas.
The evaluation of the depository institution is then taken into account with regard to an institutions
application for deposit facilities, as well as mergers and acquisitions.12 Consequently, credit supply
shock estimates based on the CRA may be confounded by political consideration that affects a
banks small business lending decision.

3.2

Identification at the Commuting-Zone Level

Our main economic analysis below is presented at the commuting zone level, which, as discussed,
is the relevant unit of aggregation for the economic outcome variables of interest. Next, we briefly
discuss small adjustments to our identification strategy in order to construct a credit supply shift
measure at the commuting-zone level.
12

For details about the CRA see https://www.ffiec.gov/cra/pdf/cra_guide.pdf.
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Figure 5 – Home Mortgage Credit Supply Effects: Boom vs. Bust

(a) Boom: 2003–2007

(b) Bust: 2007–2010
Note: Panel (a) shows the relative county-level variation in the cumulative home mortgage credit supply effects
during the 2003–2006 boom period, while panel (b) shows the relative county-level variation in such effects during
the 2007–2010 bust period. White areas correspond to counties with insufficient data to estimate the supply effects
(see the text for details).
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Figure 6 – Small Business Credit Supply Effects: Boom vs. Bust

(a) Boom: 2003–2006

(b) Bust: 2007–2010
Note: Panel (a) shows the relative county-level variation in the cumulative small business credit supply effects
during the 2003–2006 boom period, while panel (b) shows the relative county-level variation in such effects during
the 2007–2010 bust period. White areas correspond to counties with insufficient data to estimate the supply effects
(see the text for details).
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Additionally to the notation introduced above, let cz = 1, ...., CZt index commuting-zones. An
estimate of a commuting-zone level shift in credit supply in year t, S̃cz,t , is then calculated as a
weighted average of bank-specific supply effects of all banks active in the commuting-zone:
X

S̃cz,t =

j∈Bcz,t−1

!

b
P j,cz,t−1

× S̃j,t ;

cz = 1, . . . , CZt ,

(6)

j∈Bcz,t−1

where S̃j,t is credit supply effect of bank j that is due to bank health (estimated in equation 3),
P
bj,cz,t−1 is home mortgage lending of bank j in commuting-zone cz in year t − 1 and j∈Bcz,t−1 is
the total home mortgage (small business) lending in commuting zone cz in year t − 1. We then
construct a commuting zone level demand shock, D̂cz,t , as the weighted average of county-specific
demand shocks of all counties k in the commuting zone cz.
D̂cz,t

X  bk,cz,t−1 
P
=
× D̂k,t ;
k∈Ccz

cz = 1, . . . , CZt ,

(7)

k∈Ccz

where Ccz denotes a set of counties in commuting-zone cz, bk,cz,t−1 is total home mortgage (small
P
business) lending in county k that is part of commuting zone cz in year t − 1 and k∈Ccz is total
home mortgage (small business) lending of all counties in commuting zone cz in year t − 1. Note
that we exploit the fact that there is a unique mapping between commuting-zones and counties.
Corresponding to our analysis at the county level, in order to purge any local demand effects
from the commuting-zone level measures of bank health, we then estimate the following regression:
S̃cz,t = β D̂cz,t + ηcz + λt + ξcz,t ,

(8)

where we use commuting-zone level population as weights, ηcz are commuting zone fixed effects and
λt are time fixed effects. As before, we include two commuting-zone level demand measures, D̂cz,t ,
in the regression above. The residuals ξˆcz,t capture the variation in bank health across commutingzones that is orthogonal to the estimated changes in local credit demand as well as time and
commuting zone fixed effects. Commuting zone fixed effects capture the effect of unobservable
characteristics, which may be correlated with credit demand. We use the residual ξˆcz,t as the credit
supply shock instrument for commuting zone cz.

3.3

Estimation

To examine how our estimated credit supply shocks affect economic outcomes across counties, we
estimate the following cross-sectional regression:
0
∆3 Ycz,t = β∆3 ln LH
cz,t + γ Xcz,t−4 + cz,t ,

(9)

where ∆3 Ycz,t denotes the annualized change in an indicator of economic conditions in commutingzone cz from year t − 3 to year t, ∆3 ln LH
cz,t is corresponding annualized three-year log-difference
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of home mortgage lending in commuting-zone cz. The vector Xcz,t−4 includes variables that
control for differences in commuting-zones in the following dimensions: (1) Industry composition: To control for differences in the composition of economic activity across counties, we use
the industry-level employment data from the County Business Patterns to calculate the share of
county employment in the following four sectors: construction (EMP-CSTcz,t ), tradable goods
industries (EMP-TRDcz,t ), nontradable goods industries (EMP-NTRDcz,t ), and other industries
(EMP-OTHcz,t ).13 (2) Racial composition: To control for differences in racial composition across
commuting-zones, we use the 2000 Census data to calculate the share of commuting-zone population that is black (SHR-BLACKcz,2000 ), white (SHR-WHITEcz,2000 ), and other (SHR-OTHcz,2000 );
(3) Educational attainment: To control for differences in educational attainment across commutingzones, we use the 2000 Census data to calculate the share of population that does not have a
high-school diploma (SHR-LESS-HScz,2000 ), the share that has a four-year college degree or higher
(SHR-COLLEGEcz,2000 ), and the share that has a high school diploma and possibly some college (SHR-HScz,2000 ); (4) Poverty rate: To control for differences in income and wealth across
commuting-zones, we include the poverty rate (POVERTYcz,t ) from the Small Area Income and
Poverty Estimates program in the vector of control variables Xcz,t ; and (5) Banking concentration:
To control for differences in bank concentration across commuting-zones, we use our matched bankHMDA data set to calculate the Herfindahl-Hirschman Index (HHIcz,t ) of bank concentration for
each commuting-zone and year.
We estimate regression (9) on two, non-overlapping, three-year periods: the 2003–2006 boom
and the 2007–2010 bust. Our instruments for the growth of home mortgage lending ∆3 ln LH
cz,t
consists of the estimated credit supply shocks discussed above in years t, t − 1, and t − 2 of the
ˆ cz,t , xi
ˆ cz,t−1 , and xi
ˆ cz,t−2 ). Given that we have more instruments
specified three-year period (xi
than endogenous variables, we use (two-step) weighted-GMM to estimate regression (9), where the
weights are given by the population size of the commuting-zones in our sample at t − 4, that is, in
the year immediately preceding the specified three-year sample period. We examine a large number
of economic outcome variables including home prices, home sales, building permits, employment,
unemployment rate, wages, income, retail sales, and motor vehicle registrations.

4

Results

In this section we discuss the estimation results based on our identification strategy. We first present
findings of simple least squares regressions for housing and labor markets outcomes. We then discuss
the main findings which present both the first stage of our instrumental variables estimation for
loan growth and the second stage instrumental variables regressions for the housing market and
employment outcomes. We then move beyond labor market outcomes and discuss our findings for
the Wage-Phillips-Curve as well as income and consumption outcomes. Lastly, we present results
for employment outcomes at the sectoral level – in particular tradable and non-tradeabale sectors
13

In constructing these employment shares, we follow the methodology of Mian and Sufi (2014).
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– and also discuss our findings for small/large as well as young/old firm employment. Our results
shown below are generally based on estimations at the commuting zone level. However, all our
results are robust to the analysis at the county level.

4.1

Least Squares Estimation Results

This section describes the relationship between macroeconomic outcomes and home mortgage in
least squares regressions during boom (2003-06) and bust (2006-10). These regression result are
not necessarily causal in nature but rather highlight key correlations in the data across the boom
and the bust periods. As such, they provide a useful point of reference relative to the instrumental
variables estimation results presented below.
4.1.1

HMDA

Table 4 reports the relationship between home mortgage lending and housing market variables
estimated over the 2003-2006 boom and 2007-2010 bust periods.
Table 4 – Home Mortgage Lending and the Housing Market
(LS Regressions)
Dependent Variable: ∆3 Yk,t
Explanatory Variables
A. Boom: 2003–2006
∆3 ln LH
k,t
R2
Observations
B. Bust: 2007–2010
∆3 ln LH
k,t
R2
Observations

Home
prices

0.343∗∗∗
(0.035)
0.616
441
0.338∗∗∗
(0.024)
0.665
428

Home sales
per capita

0.599∗∗∗
(0.095)
0.271
436
0.790∗∗∗
(0.095)
0.216
427

Bldg. permits
per capita

0.866∗∗∗
(0.088)
0.423
657
0.989∗∗∗
(0.158)
0.404
659

Note: The dependent variable is ∆3 Yk,t , the annualized log-difference of the specified economic indicator
in commuting zone k over the specified three-year period. The explanatory variable is ∆3 ln LH
k,t , the
annualized log-difference of the dollar amount of home mortgage loan originations over the same threeyear period. All specifications include a constant and a set of control variables (which are not reported)
and are estimated by weighted least squares, using commuting zone populations in year t − 4 as weights.
Heteroskedasticity-consistent asymptotic standard errors are reported in parentheses: * p < .10; ** p <
.05; and *** p < .01.

In both boom and bust there is a strong positive association between mortgage lending and
housing market prices and activity variables. A 1 percent increase in local mortgage lending in
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a given commuting-zone is associated with a 0.34 percent rise in house prices during the boom.
Strikingly, this coefficient estimate is virtually identical in the bust. Home sales and building
permits rise by 0.6 and 0.87 percent in association with a one percent increase in local lending
during the boom and by slightly more than this during the bust. Importantly, these results imply
that there are not strong differential correlations between regional lending activity and housing
market outcomes during the boom relative to the bust.
Table 5 explores the relationship between mortgage lending and employment activity during
the boom and bust period. As expected, both the growth in the employment to population ratio
and the unemployment rate are positively associated with mortgage lending growth. In contrast
to the housing market regressions, we see a much stronger link between lending and employment
activity during the bust relative to the boom however. For example, a 1 percent increase in local
mortgage lending is associated with a 0.047 rise in employment during the boom and a 0.071 rise in
employment during the bust. The last column of Table 5 reiterates the strength of this asymmetry.
Local wages as measured by wage income per employee are unrelated to mortgage lending growth
during the boom but show a distinct positive relationship with mortgage lending growth during
the bust.
Table 5 – Home Mortgage Lending and the Labor Market
(LS Regressions)
Dependent Variable: ∆3 Yk,t
Explanatory Variables
A. Boom: 2003–2006
∆3 ln LH
k,t
R2
Observations
B. Bust: 2007–2010
∆3 ln LH
k,t
R2
Observations

Emp-to-pop
ratio

0.047∗∗∗
(0.011)
0.234
685
0.071∗∗∗
(0.009)
0.481
687

Unemployment
rate

Wages per
employee

−0.010∗∗∗
(0.002)

0.000
(0.012)

0.410
685

0.382
685

−0.030∗∗∗
(0.003)
0.593
687

0.046∗∗∗
(0.008)
0.224
687

Note: The dependent variable is ∆3 Yk,t , the annualized log-difference (or simple difference in the case of
unemployment rate) of the specified economic indicator in commuting zone k over the specified three-year
period. The explanatory variable is ∆3 ln LH
k,t , the annualized log-difference of the dollar amount of home
mortgage loan originations over the same three-year period. All specifications include a constant and set of
control variables (which are not reported) and are estimated by weighted least squares, using commuting
zone populations in year t − 4 as weights. Heteroskedasticity-consistent asymptotic standard errors are
reported in parentheses: * p < .10; ** p < .05; and *** p < .01.
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4.1.2

CRA

Table 6 explores the relationship between small business lending as defined by the CRA and employment activity during the boom and bust period. During the boom, the coefficient estimates
across the three labor market activity variables – the employment to population ratio, the unemployment rate and wages per employee are essentially zero. Coefficients are relatively precisely
estimated and exhibit lower standard errors than the comparable regressions using HMDA mortgage data as the right hand side variable as reported in Table 5. During the boom we find similarly
small effects. Strikingly, there is no relationship between CRA lending growth and growth in the
employment to population ration. Although statistically significant, the coefficient on CRA lending
growth in the unemployment regression is more than three times smaller than what we obtain in
the HMDA mortgage regression. Small business lending is positively associated with wage growth
per employee however. Again, the coefficient estimates are smaller than what we observe with the
mortgage lending data however. Table 6
Table 6 – Small Business Lending and the Labor Market
(LS Regressions)
Dependent Variable: ∆3 Yk,t
Explanatory Variables
A. Boom: 2003–2006
∆3 ln LB
k,t
R2
Observations
B. Bust: 2007–2010
∆3 ln LB
k,t
R2
Observations

Emp-to-pop
ratio

Unemployment
rate

Wages per
employee

0.004
(0.007)

−0.001
(0.002)

−0.003
(0.006)

0.198
688

0.369
688

0.394
688

0.009
(0.010)

−0.008∗∗
(0.004)

0.340
691

0.450
691

0.030∗∗∗
(0.010)
0.199
691

Note: The dependent variable is ∆3 Yk,t , the annualized log-difference (or simple difference in the case of
unemployment rate) of the specified economic indicator in commuting zone k over the specified three-year
period. The explanatory variable is ∆3 ln LB
k,t , the annualized log-difference of the dollar amount of small
business loan originations over the same three-year period. All specifications include a constant and a set
of control variables (which are not reported) and are estimated by weighted least squares, using commuting
zone populations in year t − 4 as weights. Heteroskedasticity-consistent asymptotic standard errors are
reported in parentheses: * p < .10; ** p < .05; and *** p < .01.

23

4.1.3

Summary of OLS Results

Overall these findings indicate that mortgage loan growth and houseing market outcomes are
strongly related during both the boom and the bust. The OLS results also imply very little
linkage between either mortgage lending or small business loan growth and labor market outcomes
during the 2003-2006 boom period however. These results suggest very little spillover from housing
markets into economic activity during the boom. The OLS regressions also suggest a positive but
weak association between CRA lending growth and employment outcomes during the bust. In contrast to results obtained using the small business lending, these OLS regressions imply that home
mortgage lending growth is strongly associated with labor market outcomes during the bust.

4.2

Instrumental Variables Estimation Results

We now turn to instrumental variable estimation results that arguably reveal a causal link between
increases in lending owing to credit supply shocks and local housing market and employment
outcomes. We begin by discussing our first-stage estimation results that highlight the effect of
credit supply on both HMDA mortgage lending and CRA small business lending. We then turn
to our second-stage estimates which describe the effect of increased lending supply on housing and
employment outcomes.

4.3

First Stage

The left panel of Table 7 reports the estimation results obtained from a first-stage regression of
local bank credit supply shocks on home mortgage lending and CRA lending during the boom. The
right panel of Table 7 reports comparable results for the bust. In this specification, we allow the
credit supply shocks from each year to enter the regression separately. This allows for flexibility in
the timing that pertains to the relationship between fluctuations in bank balance sheet conditions
and their subsequent impact on lending activity.
The result in Table 7 imply that loan supply shocks to mortgage lending have statistically
important effects on local mortgage lending in both the boom and the bust period. In the boom
period, the lending supply shocks have an uneven effect as measured by the sign of the estimated
coefficient for the shock at different time horizons. In addition, the sum of the estimated coefficients
is statistically indistinguishable from zero. In contrast, during the bust, these local credit supply
shocks have uniformly positive and statistically significant effects on mortgage growth across commuting zones both in terms of individual coefficient estimates and in terms of the total effect as
measured by the sum of coefficients.
In comparison, small business loan supply shocks have a similar albeit slightly muted response
on small business lending during the bust. In particular, the sum of coefficients is strongly positive
and highly statistically significant. In contrast, our instruments have no effect on small business
lending during the boom.
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Table 7 – Credit Supply Effects and Bank Lending
(First-Stage Regressions)
Dependent Variable: ∆3 ln Lk,t
Boom: 2003–2006
Instruments
SupplyEffectk,t
SupplyEffectk,t−1
SupplyEffectk,t−2
Pr > F a
Sum of coefficientsb
R2
R2 (partial)c
Observations

Bust: 2007–2010

HMDA

CRA

HMDA

CRA

−2.959∗∗∗
(1.054)
1.970∗∗
(0.951)
0.595
(0.910)

−1.286
(0.810)
−0.885
(0.687)
0.899
(0.749)

1.310∗∗∗
(0.227)
0.789∗∗∗
(0.246)
1.912∗∗∗
(0.367)

−0.053
(0.514)
0.738∗∗
(0.358)
2.050∗∗∗
(0.520)

0.013
−0.394
(1.320)
0.335
0.317
679

0.030
−1.272
(1.113)
0.564
0.555
688

<.001
4.011∗∗∗
(0.623)
0.413
0.270
679

<.001
2.735∗∗∗
(0.822)
0.419
0.384
691

Note: In columns labeled “HMDA,” the dependent variable is ∆3 LH
k,t , the annualized log-difference of the dollar
amount of home mortgage loan originations in commuting zone k over the specified three-year period; in columns
labeled “CRA,” the dependent variable is ∆3 LB
k,t , the annualized log-difference of the dollar amount of small
business loan originations in commuting zone k over the specified three-year period. The instruments are the
estimated credit supply effects in years t, t − 1, and t − 2 of the specified three-year period (see the text for details).
All specifications include a constant and a set of control variables (which are not reported) and are estimated by
weighted least squares, using commuting zone populations in year t − 4 as weights. Heteroskedasticity-consistent
asymptotic standard errors are reported in parentheses: * p < .10; ** p < .05; and *** p < .01.
a
p-value for the F -test of the null hypothesis that the coefficients on credit supply effects are jointly equal to zero.
b
The sum of coefficients on credit supply effects.
c
R2 from the specification that excludes the three credit supply instruments from the first-stage regression.

4.3.1

Housing Market and Employment Outcomes

We now consider our main results: the second stage estimates of the effect of lending growth on
housing market and employment outcomes instrumented with lending supply shocks. For the sake
of parsimony we report results that pertain to home mortgage lending. Consitend with the OLS
results, the IV results for CRA small business lending indicate no significant relationship between
lending activity and economic outcomes. Hence we relegate these findings to the appendix. Table
8 reports our key estimation results for the effect of home mortgage growth on housing market and
employment outcomes. We again provide results for the boom (panel A) versus the bust (panel B).
The coefficient estimates obtained from data during the boom imply that credit supply shocks
have weak effects on housing prices and employment outcomes but consequential effects on homes
sales and building permits per capita. Paradoxically, an expansion in lending leads to a decline
in wages per employee. Although some estimates are statistically significantly different from zero,
coefficients are imprecisely estimated relative to their OLS counterparts and confidence intervals
encompass a wide range of estimates across all of the variables that are considered. These finding
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suggest there is not a strong systematic relationship between credit supply and economic outcomes
during the boom.
In contrast, coefficient estimates obtained from regressing housing and employment activity on
loan growth data during the 2007-2010 bust uniformly imply that a contraction in local mortgage
supply leads to significant decreases in local house prices, building activity, employment and wages.
In terms of the housing market response, according to the estimates of panel B of Table 8, a one
percent decline in mortgage lending leads to a 0.47 percent decrease in house prices, a 0.68 percent
decrease in home sales and a 1.02 percent decrease in building permits. These coefficient estimates
are statistically significant at the 1 percent level and generally have the same precision as the OLS
estimates reported in Table 4. Moreover, the 0.47 coefficient estimate of the response of housing
price growth to loan growth obtained from the IV regression is substantially higher than the 0.34
estimate obtained from OLS. This higher coefficient estimate in the IV regression relative to the
OLS regression is consistent with the notion that our bank lending shocks isolate a credit supply
effect whereas OLS regressions reflect a mixture of supply and demand considerations. Relatedly,
the coefficient estimates on mortgage loan growth for home sales and building permit are roughly
comparable in magnitude to their OLS counterparts. Again, the lack of upward bias may reflect the
fact that OLS captures a mixture of shocks whereas IV regressions capture a specific mechanism.
It may also be the case that home mortgage lending is a noisy measure of overall credit market
conditions and that the IV regressions effectively deal with the attenuation bias associated with
noisy measures of underlying credit.
In terms of the labor market response, the coefficient estimates reported in Table 8 also imply
large statistically and economically significant effects of mortgage loan growth on employment and
wage outcomes during the bust. A 1 percent decrease in mortgage lending leads to a 0.07 decrease
in the employment to population ratio, a 0.05 percent rise in the unemployment rate and 0.088
percent drop in wages. Again, these IV estimates are either comparable to or greater than the
coefficient estimates obtained from the OLS regressions reported in Table 5.
In summary, our IV estimates imply that a supply-induced contraction in home mortgage
lending causes a significant contraction in home prices, home building activity and employment
activity at the local level.
4.3.2

Wage Phillips Curve

The strong response of both employment and wages to local mortgage supply documented in table 8 has important implications for local estimates of the wage “Phillips curve”. As documented
in Baraja et al. (2016) state-level wages exhibit a surprising degree of flexibility in response to
movements in state-level employment when compared to their aggregate counterpart. In contrast
to Baraja et al., recent work by Mian and Sufi find little evidence of wage response to employment
when using individual counties as the geographic unit of analysis. Our focus on commuting zones
as the geographic unit lies somewhere between these two approaches and has the added benefit of
aggregating information across states in metropolitan areas where the local labor market encom26
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<.001
0.279
428

0.472∗∗∗
(0.058)

0.636
0.701
441

0.182
(0.226)

Home
prices

0.002
0.170
427

0.683∗∗∗
(0.188)

0.201
0.217
436

1.600∗∗
(0.757)

Home sales
per capita

<.001
0.114
658

1.023∗∗∗
(0.187)

0.008
0.513
657

1.782∗∗∗
(0.536)

Bldg. permits
per capita

<.001
0.407
679

0.070∗∗∗
(0.016)

0.250
0.003
679

0.073
(0.047)

Emp-to-pop
ratio

<.001
0.113
679

−0.050∗∗∗
(0.006)

0.609
0.370
679

−0.013
(0.013)

Unemployment
rate

<.001
0.124
679

0.088∗∗∗
(0.022)

0.024
0.477
679

−0.145∗∗
(0.071)

Wages per
employee

Note: The dependent variable is ∆3 Yk,t , the annualized log-difference (or simple difference in the case of unemployment rate) of the specified economic
indicator in commuting zone k over the specified three-year period. The endogenous explanatory variable is ∆3 ln LH
k,t , the annualized log-difference of
the dollar amount of home mortgage loan originations over the same three-year period, which is instrumented with the orthogonalized bank-health credit
supply effects in years t, t − 1, and t − 2 (see the text for details). All specifications include a constant and a set of control variables (which are not
reported) and are estimated by weighted GMM, using commuting zone populations in year t − 4 as weights. Heteroskedasticity-consistent asymptotic
standard errors are reported in parentheses: * p < .10; ** p < .05; and *** p < .01.
a
p-value for the ? weak-instrument-robust conditional likelihood ratio test of the null hypothesis that the coefficient on ∆3 ln LH
k,t is zero.
b
p-value for the ? test of the overidentifying restrictions.

Pr > CLRa
Pr > J b
Observations

B. Bust: 2007–2010
∆3 ln LH
k,t

Pr > CLRa
Pr > J b
Observations

A. Boom: 2003–2006
∆3 ln LH
k,t

Explanatory Variables

Dependent Variable: ∆3 Yk,t

Table 8 – Home Mortgage Lending and Economic Outcomes
(IV Regressions)

passes counties in adjacent states. As with state-level analysis, using commuting zone data comes
at some potential cost relative to using county-level data however. In particular, by focusing on the
county-level data as the relevant unit of analysis, one can also control for differential labor market
policies such as the generosity of unemployment benefits that are determined at the state-level.
To facilitate these comparisons, Table 9 reports a regression of local wages on employment
using both ordinary least squares, as in Baraja et al. (2016), and instrumental variables with credit
supply shocks as instruments. In addition to the estimates obtained at the commuter zone level,
we also report county-level estimates that use state fixed effects to control for heterogeneity in
state-level labor market conditions.
The ordinary least squares results imply a relatively weak although precisely estimated response
of wages to employment at the commuter zone level. In particular, the OLS estimates imply that
wages rise by 0.1 percent for every 1 percent rise in employment. The comparable estimate reported
by Baraja et al. is 0.68.
There are several possible reasons for this sharp discrepancy between our precisely estimated
but small response and Baraja et al.’s much larger albeig noisier estimate of the effect of local employment on local wages. First is the focus on commuter zones rather than states as the
relevant geographic unit. The second is that we rely on wage compensation per employer from
County-Business Patterns whereas Baraja et al. use micro-level data obtained form the American
Community Survey (ACS) to construct a local wage that adjusts for characteristics of local workers
such as age, race, and gender. The third difference is that Baraja et al. report unweighted regressions whereas the estimates reported here rely on population weighted analysis. So far, robustness
exercises suggest that all of these factors contribute to a much lower OLS estimate in our data
relative to what is reported in Baraja et al.
In contrast to the OLS estimates, the IV results imply a much stronger relationship between
wages and employment. In particular, using credit supply shocks as an instrument, we estimate
that a 1 percent decline in employment due to a contraction in home mortgage credit supply leads
to a 1.17 percent fall in local wages. This estimate is an order of magnitude higher than the OLS
estimates and nearly double the state-level estimates reported by Baraja et al.
The last two columns of Table 9 report results from estimating the wage Phillips curve at the
county level rather than the commuter zone level. As discussed above, an advantage here is that we
can include state fixed effects to control for state-level differences in trend growth and employment
policies.
Strikingly, at the county level, we find virtually no relationship between employment and wages
when estimating the Phillips curve using OLS and controlling for state-level fixed effects. In contrast, estimation results that rely on credit supply shocks to instrument for county-level labor
demand again imply a robust and economically large effect of employment on wages. Indeed, the
coefficient estimate obtained from the county-level data at 1.39 is, although less precisely estimated,
even larger than the commuter zone estimate.
In summary, although results differ between OLS and IV estimation, our IV estimation results
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Table 9 – The Wage Phillips Curve During the Bust
Dependent Variable: ∆3 ln[W/E]k,t
CZONE Level
Explanatory Variables
∆3 ln[E/P ]k,t

R2
Pr > CLRa
Pr > J b
State FE
Observations

LS

County Level
IV

0.108∗∗∗

1.174∗∗∗

LS

(0.040)

(0.273)

0.008
(0.037)

0.168
.
.
no
687

.
<.001
0.015
no
679

0.194
.
.
yes
2,847

IV
1.390∗∗∗
(0.522)
.
0.002
0.879
yes
2,793

Note: The dependent variable is ∆3 ln[W/E]k,t , the annualized log-difference of the average wage per employee
in the specified geographical area k from 2007 to 2010. The explanatory variable is ∆3 ln[E/P ]k,t , the annualized
log-difference of the employment-to-population ratio over the same three-year period. In columns labeled “IV,”
∆3 ln[E/P ]k,t is instrumented with the estimated bank-health mortgage credit supply effects in years 2008, 2009,
and 2010 (see the text for details). All specifications include a constant and a set of control variables (not reported).
Columns labeled “LS” are estimated by weighed least squares, whereas columns labeled “IV” are estimated by
weighted GMM, using the relevant geographic area populations in 2006 as weights. At the commuting (CZONE) level,
heteroskedasticity-consistent asymptotic standard errors are reported in parentheses; at the county level, asymptotic
standard errors are clustered across commuting zones: * p < .10; ** p < .05; and *** p < .01.
a
p-value for the ? weak-instrument-robust conditional likelihood ratio test of the null hypothesis that the coefficient
on ∆3 ln LH
k,t is zero.
b
p-value for the ? test of the overidentifying restrictions.

confirm the Baraja et al. findings that local wages are indeed highly responsive to credit-supply
induced changes in employment during the 2007-2010 contraction.
4.3.3

Income and Consumption

We now turn to estimation results for personal income and consumption expenditures. Table
10 provides IV estimates of the effect of an increase in loan supply on personal income, retail
spending with and without motor vehicles and motor vehicles purchases. Consistent with the high
responsiveness of wages and employment documented above, personal income decreases by 0.13
percent in response to a credit-supply induced 1 percent decline in home mortgages. This estimate
is slightly lower than but very much in line with the combined effect of wages per employee (0.088)
and employment per capita (0.070) documented in Table 8.
This rise in personal income in addition to additional effects that may work directly on household
wealth and balance sheets leads to a substantial increase in household spending. Total retail sales
rise by 0.1 percent while retail sales ex-motor-vehicles rises by 0.085 percent in response this supplyinduced increase in mortgages. As expected, the 0.25 estimate for motor-vehicles registrations
suggests that motor-vehicle spending is roughly three times more responsive than retail spending
ex motor vehicles.
It is useful to translate these coefficients into estimates of the local propensity to consume out of
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Table 10 – Home Mortgage Lending, Income, and Consumption During the Bust
(IV Regressions)
Dependent Variable: ∆3 Yk,t
Explanatory Variables

Income
per capita

Rtl. sales
per capita

∆3 ln LH
k,t

0.127∗∗∗
(0.024)

0.101∗∗∗
(0.032)

Pr > CLRa
Pr > J b
Observations

<.001
0.538
679

<.001
0.021
679

Rtl. sales (xMV)
per capita

0.085∗∗
(0.033)
0.006
0.025
679

MV registrations
per capita

0.250∗∗∗
(0.078)
0.002
0.399
679

Note: The dependent variable is ∆3 Yk,t , the annualized log-difference of the specified economic indicator in commuting zone k from 2007 to 2010. The endogenous explanatory variable is ∆3 ln LH
k,t , the annualized log-difference of the
dollar amount of home mortgage loan originations over the same three-year period, which is instrumented with the
orthogonalized bank-health credit supply effects in years 2008, 2009, and 2010 (see the text for details). All specifications include a constant and set of control variables (which are not reported) and are estimated by weighted GMM,
using commuting zone populations in 2006 as weights. Heteroskedasticity-consistent asymptotic standard errors are
reported in parentheses: * p < .10; ** p < .05; and *** p < .01.
a
p-value for the ? weak-instrument-robust conditional likelihood ratio test of the null hypothesis that the coefficient
on ∆3 ln LB
k,t is zero.
b
p-value for the ? test of the overidentifying restrictions.

income. Roughly speaking, these range from 0.8 for total retail spending to 1.96 for motor-vehicles.
Overall these results imply that credit-supply induced changes in local lending have substantial
effects on both employment and income, and consequently give rise to large increases in local
spending.
These estimates are also two to three times greater than simple OLS estimates of a regression
of consumption growth on income growth during this time period would imply. The larger estimate obtained using instrumental variables may be due to the fact that we isolate a credit supply
mechanism that works through both income effects and other balance sheet mechanisms related
to house price movements for example. Since income and house prices comove in response to the
credit supply shock, we obtain a stronger link between consumption and income than what we
typically see in the data. It is also possible that contractions in income that are linked to credit
supply are viewed as much more permanent by households than contractions in income that may
occur for other reasons. A greater perceived persistence in income would then imply a stronger
response of consumption.
4.3.4

Tradable vs Non-tradable Employment

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 raises wages and income in general equilibrium.
The increase in household spending may occur either because of direct wealth effects from
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rising home prices and the simultaneous strengthening of household balance sheets. Higher house
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 non-tradable firms but have no effect on tradable firms as their demand is determined on
a much broader geographic basis. This approach is not without criticism as non-tradable firms also
tend to have characteristics that make them more dependent on local banks than their tradable
counterparts. Nonetheless, it is useful to gauge the extent to which employment results neatly
divide across such categories.
Table 11 shows IV estimates of the effect of an increase in loan supply on employment in
construction, tradable, non-tradable, and other sectors.14 Perhaps unsurprisingly the largest effect
of a credit supply shock is on employment in construction. As in Mian and Sufi (2014) we find
strong effects on non-tradable employment, these are firms such as restaurants 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 whose demand is determined outside of the local geographic area.
This finding is consistent with the idea that local credit conditions don’t have a direct effect on
firms borrowing capacity. It may also reflect the notion that tradeable goods firms are less exposed
to local conditions both in terms of demand and in terms of access to finance. In addition to a
signifiant effect on non-tradeable employment, We find rather strong employment effects on the
sector ”other”. This sector comprises almost half of total employment and contains those business
that are not easily classified in one of the other categories. Much of the ”other” other sector is
services, which appear to be significantly affected by local credit supply shocks. Further work is
needed to better disentangle the effects in this large composite sector.
4.3.5

Small vs. Large and Young vs. Old

Historically, much attention has been paid to the role of financial constraints for small and large
firms (e.g. (Gertler and Gilchrist, 1994; Chodorow-Reich, 2014)). More recently, there has been a
literature emerging that focuses on the relationship between financial constraints and young and
old firms (e.g. Siemer (2016).
Table 12 shows shows IV estimates for local credit supply shocks on small/large and young/old
firms. We find that credit supply shocks reduced employment significantly in all firm size/age
categories, however, small and in particular young firms reduced employment more strongly in
response to the credit supply shock than large/old firms. The difference between our estimates
for young/old and small/large is both statistically and economically significant. The credit supply
shock reduced employment growth in small relative to large firms by 7 percentage points, whereas
it reduced employment growth in young relative to old firms by 10.3 percentage points.
These findings are qualitatively similar to those in Siemer (2016) and suggest that contractions
in lending have significant effects on employment for firms that are heavily dependent on banks as
14

The sectoral definitions are taken from Mian and Sufi (2014).
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Table 11 – Home Mortgage Lending and Sectoral Employment During the Bust
(IV Regressions)
Dependent Variable: ∆3 ln[E/P ]k,t
Explanatory Variables

xCST

∆3 ln LH
k,t

0.049∗∗∗
(0.015)

Pr > CLRa
Pr > J b
Observations

CST

TRD

0.275∗∗∗
(0.050)

0.007
0.487
679

0.017
(0.052)

<.001
0.045
679

0.817
0.378
678

NTR
0.066∗∗∗
(0.018)
0.001
<.001
679

OTH
0.054∗∗∗
(0.019)
0.011
0.287
679

Note: The dependent variable is ∆3 ln[E/P ]k,t , the annualized log-difference of the sectoral employment-population
ratio in commuting zone k from 2007 to 2010: xCST = total, excluding construction; CST = construction; TRD =
tradable goods; NTR = nontradable goods; and OTH = other. The endogenous explanatory variable is ∆3 ln LH
k,t ,
the annualized log-difference of the dollar amount of home mortgage loan over the same three-year period, which
is instrumented with the orthogonalized bank-health credit supply effects in 2008, 2009, and 2010 (see the text for
details). All specifications include a constant and a set of control variables (which are not reported) and are estimated
by weighted GMM, using commuting zone populations in 2006 as weights. Heteroskedasticity-consistent asymptotic
standard errors are reported in parentheses: * p < .10; ** p < .05; and *** p < .01.
a
p-value for the ? weak-instrument-robust conditional likelihood ratio test of the null hypothesis that the coefficient
on ∆3 ln LH
k,t is zero.
b
p-value for the ? test of the overidentifying restrictions.

Table 12 – Home Mortgage Lending and Employment by Firm Type During the Bust
(IV Regressions)
Dependent Variable: ∆3 ln[E/P ]k,t
By Firm Size
Explanatory Variables
H

∆3 ln Lk,t
Pr > CLRa
Pr > J b
Observations

By Firm Age

Small

Large

Young

0.133∗∗∗

0.063∗

0.174∗∗∗

(0.021)

(0.033)

(0.053)

<.001
0.008
646

0.056
0.638
646

0.002
0.078
675

Old
0.071∗∗∗
(0.021)
0.002
0.044
675

Note: The dependent variable is ∆3 ln[E/P ]k,t , the annualized log-difference of the employment-population ratio by
firm size and age in commuting zone k from 2007 to 2010. The endogenous explanatory variable is ∆3 ln LH
k,t , the
annualized log-difference of the dollar amount of home mortgage loan originations over the same three-year period,
which is instrumented with the orthogonalized bank-health credit supply effects in years 2008, 2008, and 2010 (see
the text for details). All specifications include a constant and a set of control variables (which are not reported) and
are estimated by weighted GMM, using commuting zone populations in 2006 as weights. Heteroskedasticity-consistent
asymptotic standard errors are reported in parentheses: * p < .10; ** p < .05; and *** p < .01.
a
p-value for the ? weak-instrument-robust conditional likelihood ratio test of the null hypothesis that the coefficient
on ∆3 ln LH
k,t is zero.
b
p-value for the ? test of the overidentifying restrictions.

their source of external finance.
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5

Conclusion

In this paper we introduced a novel approach that links a common reduced form identification
strategy to observable bank health characteristics as a way to cleanly disentangle credit supply
from credit demand during both the 2003-2006 boom and subsequent 2007-2010 bust in the US
economy.
Using this identification strategy to construct a valid instrument for credit supply, we find that
credit supply shocks have significant impact on home mortgage lending at the local level during
the 2007-2010 bust but appear to have had a relatively limited effect during the boom.
During the bust, our estimates imply that a credit-supply induced contraction in mortgage
lending leads to significant declines in house prices and housing activity, sharp drops in employment
and significant declines in wages and household income. These income and housing price declines
in turn lead to sharp contractions in consumption as measured by both retail sales and automobile
registrations at the local level.
Although our employment results are concentrated in non-tradable goods industries relative to
tradable goods industries, we also find a significantly larger response of bank-dependent small and
young firms to credit supply shocks during the bust relative to the response of overall employment.
These findings raise the possibility that credit contractions may impinge directly on the ability of
firms to finance and hence maintain a stable workforce as the Great Recession unfolded.

33

References
Amiti, M. and D. E. Weinstein (2013): “How Much Do Idiosyncratic Bank Shocks Affect
Investment? Evidence from Matched Bank-Firm Loan Data,” NBER Working Paper No. 18890.
Autor, D. H. and D. Dorn (2013): “The Growth of Low-Skill Service Jobs and the Polarization
of the US Labor Market,” American Economic Review, 103, 1553–97.
Autor, D. H., D. Dorn, and G. H. Hanson (2013): “The China Syndrome: Local Labor
Market Effects of Import Competition in the United States,” American Economic Review, 103,
2121–2168.
Bassett, W. F., M. B. Chosak, J. C. Driscoll, and E. Zakrajšek (2014): “Changes in
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