The Geography of Housing Market Liquidity
During the Great Recession

Mathew Famiglietti, Carlos Garriga, and Aaron Hedlund

Using detailed micro data at the ZIP code level, this article explores the regional variation in housing
market performance to account for the severity of the Great Recession. The granularity of the data,
relative to a more traditional analysis at the county level, is useful for evaluating the performance of
the housing market because credit and local macroeconomic variables are tied to housing valuations.
The deterioration of the ability to transact (buy and sell) housing units, often referred to as housing
liquidity, is an important link that connects housing outcomes with real and credit variables. The data
indicate that the timing, severity, and duration of the recession varied across regions and was closely
connected with the behavior of the housing market. The deterioration in housing liquidity was uniform
across all house price tiers (i.e., bottom, middle, and upper end). Furthermore, there was correlation
across areas between the magnitude of the declines in housing liquidity and the severity of the deterio-
ration in house prices and macroeconomic conditions. (JEL D31, D83, E21, E22, G11, G12, G21)

Federal Reserve Bank of St. Louis Review, First Quarter 2020, 102(1), pp. 51-77.
https://doi.org/10.20955/1.102.51-77

I.INTRODUCTION

The historic deterioration of housing markets during the Great Recession was character-
ized by plummeting home values and skyrocketing foreclosure rates. Although almost no
place in the Unites States escaped unscathed, significant heterogeneity emerged across both
time and space with regard to the housing market collapse. An important aspect missing in
many theoretical and empirical studies of this episode is the role of liquidity in local housing
markets as manifested in homes taking longer to sell.

Examining the dynamics of ZIP-code-level data reveals that the severity, timing, and
length of the Great Recession varied across regions and is linked to housing liquidity. Through-
out this article, our main measure of housing liquidity is time on the market (TOM), the
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number of days between listing a property and selling a property. A mismatch between the
number of sellers and buyers changes the transactability of houses beyond house prices. Hous-
ing liquidity responds to changing macroeconomic conditions, resulting in selling delays.
During the Great Recession, the deterioration in housing liquidity along with falling prices
generated an imbalance between assets and liabilities, creating a debt overhang. To rebalance
their portfolios, households needed to adjust their spending, liquidate leveraged assets (i.e.,
housing), and in some instances enter foreclosure, which in turn induced lenders to contract
credit.

The National Bureau of Economic Research classifies the Great Recession as occurring
from December 2007 to June 2009. However, the national housing market experienced a
severe downturn nationally from at least 2006 to 2011. House prices deteriorated and mortgage
delinquency increased as early as 2005 in the regions first affected by the crisis. The earlier start
date for the housing crisis is not unexpected, because the subprime mortgage crisis was an
important catalyst of the financial recession that followed. Besides starting earlier than the
accepted recession dates, the housing market did not fully recover to pre-crisis levels until
several years after the official end of the recession: Most areas did not see house prices, liquidity,
or income recover to pre-recession levels until after 2011.

Within this window of 2005 to 2011, the various regions of the United States experienced
different timing of the start, trough, and end of the housing crisis. For example, the state of
California witnessed fairly early declines in housing market indicators but recovered more
rapidly than many other regions. Meanwhile, states in the Sunbelt, particularly Florida,
Arizona, and Nevada (hereafter called the Sunbelt states), also witnessed early large declines
in house prices and increases in illiquidity and mortgage delinquency. These Sunbelt states
did not recover until well after the official end date of the recession. Documenting the regional
variation in housing market responses (and in particular housing liquidity) during the Great
Recession is one of the main goals of this article.

The use of granular data is crucial to the study of housing. Housing markets by nature are
disaggregated, as there can be significant variation within counties or metropolitan statistical
areas (MSAs). The use of granular data is particularly important when looking at regional
variation in the United States. Many western states have significantly larger counties by area
than eastern states. Aggregating data to the MSA level, or even to the county level, causes any
empirical analysis to ignore significant variation within counties. To alleviate these concerns,
the analysis in this article uses ZIP-code-level data.

Several different empirical specifications establish a strong link between explanatory
housing market variables (house prices and liquidity) and local outcomes for the credit market
(mortgage delinquency) and macroeconomy (income). Moreover, categorizing the geography
of the housing crisis into three large regions (California, the Sunbelt states, and the other
states) generates heterogeneous effects that substantially differ from those at the national level.
For example, in California, house prices declined by more than the national average and mort-
gage delinquency increased far more than the national average. However, liquidity and income
declined by less than the national averages. Although the trough was later in the Sunbelt states,
income declined by large amounts and homes’ TOM and mortgage delinquencies increased.
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The regression models exploit regional time windows to arrive at (non-causal) estimates
of changes in house prices and liquidity on these outcomes. In all cases, the effects were highly
statistically and economically significant. For example, at the national level, a one-month
increase in TOM is associated with approximately a 1 percent decline in real income. To put
these estimates into perspective, a 10 percent decline in house prices is associated with approx-
imately a 1.8 percent decline in real income. For the Sunbelt states, the liquidity effects are
slightly larger. Housing liquidity also has strong implications for the mortgage delinquency
rate. In California, a one-month increase in TOM is associated with a 2.0 percent increase
in the mortgage delinquency rate. Given this observed increase in TOM, the estimate for
California predicts a 13.5 increase in mortgage delinquency. For the Sunbelt states, the esti-
mate is 17 percent.

We also estimate alternate specifications of the models by dividing the United States into
regions by housing supply elasticity rather than by geography. These estimates provide a coun-
terfactual to the regional analysis and support the claim that liquidity was a highly significant
factor in areas with a low housing supply elasticity. We also find that in areas with relatively
high housing supply elasticity, liquidity was significant but had a smaller effect on outcomes.
We detail in Section VI a brief theory of the interaction of housing liquidity and elasticity.

Il. LITERATURE: HOUSING, THE MACROECONOMY, AND THE
GREAT RECESSION

Traditionally, the role of housing in the macroeconomy was limited to exploring its role
over the business cycle through various channels such as residential investment (i.e., Davis
and Heathcote, 2005; Leamer, 2007; Fisher and Yavas, 2007; Rupert and Wasmer, 2014; and
Boldrin et al. 2013), collateral constraints (i.e., [acoviello, 2005; Iacoviello and Neri, 2010;
and Liu, Wang, and Zha, 2013), and nominal mortgage contracts (i.e., Garriga, Kydland, and
Sustek, 2017 and 2019).! These papers measure the importance of housing to high-frequency
movements of the economy but were not designed to address large and broad swings in house
prices across markets and their interaction with the macroeconomy.

There is a growing literature that focuses on this issue and has been summarized by Garriga
and Hedlund (forthcoming). The evidence constructed by Jorda, Schularick, and Taylor (2015),
who study large movements in housing and equity markets in 17 countries over the past 140
years, appears to be conclusive. Periods with easy credit fueled asset price booms, in particular
in housing markets, which increase the risk of a financial crisis. Upon collapse, these episodes
tend to be followed by deeper recessions and slower recoveries of key macroeconomic variables.

In the postwar period in the United States, movements in house prices until 2000 can be
explained by increases in housing quality and construction costs (1950-70) or regulatory
restrictions (1979-95). These facts are documented in Poterba (1984), Himmelberg, Mayer,
and Sinai (2005), Shiller (2007), Glaeser, Gyourko, and Saks (2005), and Chambers, Garriga,
and Schlagenhauf (2016). During this period, the interaction between housing markets and
macroeconomic aggregates was limited, as aggregate house prices always grew in real terms.
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In the 2000s, the boom-bust was fueled by an expansion and subsequent contraction of
the credit supply along with changing expectations about future house price appreciation.2
For example, Campbell et al. (2009) find that for the period 1997-2007, movements in price-
rent ratios can be attributed more to time variation in the housing premium and less to expec-
tations of future rent growth. The collapse of the housing market and the implications for the
macroeconomy, in particular aggregate employment and consumption, has been a growing
research topic. Boldrin et al. (2013) use a dynamic multisector model with production linkages
where a decline in housing demand propagates through the rest of the economy, thereby
reducing aggregate output and employment. Garriga, Manuelli, and Peralta-Alva (2019)
develop a macroeconomic model of market segmentation that generates sizable movement
in house values driven by current and future credit conditions. The endogenous collapse of
house prices induces a large and persistent recession through the deleveraging process and
decline in aggregate consumption. In addition to debt deleveraging, large declines in house
values also generate a large negative wealth effect that propagates to aggregate consumption
(i.e., Iacoviello and Pavan, 2013; Huo and Rios-Rull, 2016; and Berger et al., 2017).

The collapse of the housing market can also spill over to the credit market in the form of
a spike in mortgage delinquencies and foreclosures, such as occurred during the Great Recession
(see Mian and Sufi, 2009; Anenberg and Kung, 2014; and Mian, Sufi, and Trebbi, 2015). These
issues have also received attention in the macro structural literature. The complexity of the
problem often requires that house prices be exogenous in the model, to allow study of the
determinants of mortgage default (see Guler, 2015; Corbae and Quintin, 2015; Campbell and
Cocco, 2015; Hatchondo, Martinez, and Sanchez, 2015; and Geraradi et al., 2018). Other
papers explore the spillover effects of foreclosure on house prices by making both objects
endogenous (i.e., Garriga and Schlagenghauf, 2009; Chatterjee and Eyigungor, 2015; and
Arslan, Guler, and Taskin, 2015).

One of the challenges for this literature is to acknowledge that periods with large declines
in house values also coincide with an impaired ability to transact housing units, particularly
for sellers.2 In short, the magnitude and duration of these crises partially depend on the decline
and recovery of housing liquidity. These issues have been documented and formalized using
a structural general equilibrium model, including by Hedlund (2016 and 2018) and Garriga
and Hedlund (2018 and 2019). Their analysis suggests that the deterioration in house prices
and liquidity—transmitted to consumption via balance sheets that vary in composition and
depth—is central to explaining the observed aggregate and cross-sectional patterns of macro
and housing variables. More specifically, large declines in housing liquidity in an area are
correlated with declines in house prices and macroeconomic conditions in that area.

I1l. DATA DESCRIPTION

To study the relationship among housing, credit, and macroeconomic conditions, this
article uses transaction-level data from the Multiple Listing Services® (MLS) from CoreLogic,
individual-level credit data from the Federal Reserve Bank of New York Consumer Credit
Panel based on Equifax credit report data (FRBNY CCP/Equifax), and adjusted gross income
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Table 1
National Summary Statistics (2006-11)

Obs. Mean SD 10th Median 90th
Income (%A) 9,356 -6.3 11.1 -15.8 -5.9 1.7
House prices (%A4) 9,425 -334 20.9 -61.4 -32.6 -6.7
Months’ supply (AMonths) 9,425 3.1 7.4 -3.7 3.1 10.5
TOM (ADays) 9,425 474 35.2 9.8 42.5 93.6
Mortgage delinquency rate (App) 9,410 4.7 44 0.8 33 10.5

NOTE: The table reports ZIP-code-level statistics. Obs., observations. SD, standard deviation. 10th, 10th percentile. 90th, 90th percentile.
pp, percentage points.

SOURCE: Income: IRS SOI deflated by personal consumption expenditures (PCE). House prices, months’ supply, TOM: CoreLogic’s MLS. House
prices are deflated by PCE. Mortgage delinquency rate: FRBNY CCP\Equifax.

(hereafter income) data from the Internal Revenue Service (IRS) measured at the ZIP code
level. In addition to the closing price and date, the MLS dataset contains the listing date,
asking price, and property location. Because the data are at the listing level, both failed and
successful listings are observed, making it possible to track whether a seller delists and relists a
house (for example, to move up the queue of online search results). The coverage of the MLS is
broad, covering approximately 74 percent of the U.S. population in 2006 (16,954 ZIP codes)
and over 85 percent of the population (20,109 ZIP codes) in 2011. The analysis of the housing
variables is restricted to single-family homes and condominiums. The credit variables track
several measures of mortgage payment status: delinquent, seriously delinquent, and “severely
derogatory” loans (see the appendix for further details). We define the mortgage delinquency
rate as the ratio of the total number of all three of these statuses to the outstanding number
of mortgages. The FRBNY CCP/Equifax and MLS data are aggregated to the ZIP code level
for comparison in many of the analyses that follow. For macroeconomic conditions, the IRS
data provide detailed information of income at the ZIP code level as well as distributions across
different brackets and the number of individuals filling. The analysis uses the mean value in
every ZIP code. Table 1 provides national summary statistics for these variables during the
period 2006-11.% Table 2 provides regional mean statistics for the individual most-adverse
time windows from 2005-2012 for the three regions studied.

The statistics in Table 1 illustrate the depth and duration of the Great Recession’s impact
on housing markets nationally. House prices in the MLS data declined on average over 33
percent, which is consistent with broad house price indices based on repeated sales, such as
the Federal Housing Finance Agency and S&P/Case-Shiller indices. Table 2 reveals that declines
in house prices were more severe in California and the Sunbelt states: All experienced declines
larger than the national average. As shown in Table 1 for the nation, the magnitude of the
decline for the bottom of the distribution was particularly large, with some ZIP codes experi-
encing house price declines in excess of 60 percent. Contemporaneously, the average days
needed to sell a house, that is, the TOM, increased 40 percent, from 117 days to 164 days. The
size of the increase is symmetric, with a 39 percent increase in the bottom 10th percentile and
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Table 2

Regional Summary Statistics (Mean Values)

California (2005-09) Sunbelt (2005-11) Other (2006-10)

Income (%A) -5.2 -15.2 -3.0
House prices (%A) -47.7 51.7 -20.1
Months’ supply (AMonths) 3.0 52 54
TOM (ADays) 421 92.9 34.8
Mortgage delinquency rate (App) 9.3 9.8 3.1

NOTE: The table reports ZIP-code-level statistics. Sunbelt, the Sunbelt states of Arizona, Nevada, and Florida. Other, all
other states. pp, percentage points.

SOURCE: Income: IRS SOI deflated by PCE. House prices, months’ supply, TOM: CorelLogic’s MLS. House prices are
deflated by PCE. Delinquency rates: FRBNY CCP\Equifax.

41 percent increase in the top 90th percentile. Units that used to sell twice as fast as the national
average became very illiquid during the Great Recession.

The comparison of the national statistics with the regional statistics reveals the housing
crisis was more severe in specific regions of the United States. In particular, comparing the
average mortgage delinquency rates of California and the Sunbelt states at the height of their
local crises with those in the 90th percentile of the national statistics demonstrates that these
regions were far more adversely affected by the housing crisis than most regions. As a coun-
terfactual, Table 2 includes a column for all other states in their most adverse period. At their
worst, the other states experienced only a 3.1 percent increase in the mortgage delinquency
rate, confirming that a large portion of delinquent mortgages were concentrated in California
and the Sunbelt states.

The findings of Table 2 demonstrate that the housing crisis had heterogeneous effects
across regions that would be missed when looking at national statistics. National statistics
show a large increase in housing market illiquidity, a decline in real house prices and incomes,
and an increase in mortgage delinquency rates. However, these effects were not uniform. In
California, house prices declined by more than the national average and the mortgage delin-
quency rate increased by far more than the national average, while housing liquidity and
income declined by less than the national averages. In the Sunbelt states, income declined a
staggering 15.2 percent, TOM increased to nearly 93 days (almost double the national average),
and the mortgage delinquency rate increased nearly 10 percent. All other states experienced
a recession, with income decreasing 3 percent and house prices falling near 20 percent, but
conditions did not deteriorate to the extent witnessed in the Sunbelt states.

These trends are also evident in heat maps. Specifically, Figure 1 plots percent changes in
house prices and income and mortgage delinquency rates by ZIP code. The period used is
2006-2011, to reflect the national statistics and to show that, although Table 2 reports specific
time windows for the highlighted regions, the general findings do not change materially when
using the same period across regions. It is evident that house prices deteriorated the most in
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Figure 1
Macroeconomic Conditions During the Great Recession
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SOURCE: Income: IRS SOI. Mortgage delinquency rates: FRBNY CCP\Equifax. House prices: CoreLogic’s MLS.

metropolitan areas in California, Arizona, Florida, and Nevada (especially Las Vegas).
Furthermore, these plots show house prices had not recovered by 2011, a full two years after
the end of the recession. These same areas also seem to be where the mortgage delinquency
rate increased most dramatically, with Florida a particularly stark case (see Figure 1). The
depth of the recession in these areas becomes most clear when comparing the maps of house
prices and mortgage delinquency rates to that for income. By 2011, many areas in the country
such as Texas and large swaths of the South and Midwest had fully recovered and income
exceeded 2006 levels. The areas where the housing markets deteriorated the most, such as
California and the Sunbelt states of Arizona, Nevada, and Florida, had lower real incomes in
2011 than they had in 2006.

It is convenient to explore two complementary measures of housing liquidity over time.
One is TOM, the number of days between listing a property and selling a property. As such,
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Figure 2
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this liquidity measure is constructed from individual transactions. The other is months’ supply,
a market-level measure of housing liquidity that comes from dividing the stock of unsold
listings by the number of houses sold in a given geography and month. To be consistent with
other measures of months’ supply,> we calculate annual months’ supply at the ZIP code level
by averaging over each year the monthly measures calculated from the MLS.¢ Whether using
TOM or months’ supply, analyzing housing liquidity shows that, analogously to house prices,
the national housing market did not recover to pre-recession levels until well after the Great
Recession.

The heat maps in Figure 2 illustrate how measures of liquidity evolved in specific ZIP
codes over time and reveal that national housing market conditions remained depressed
during the Great Recession and beyond. The left-hand panels show the evolution of TOM
and the right-hand panels the evolution of months’ supply.

Measures of illiquidity remained elevated for at least five years after the initial housing
bust. Nationally, this corresponded to about an additional month to sell a house or more
than an additional three months’ supply of housing stock. A reduction in housing liquidity
during this period is critical to understanding the housing crisis because the inability to sell
homes significantly worsened national macroeconomic conditions, as indicated by the regres-
sions in Section V. These trends further demonstrate the heterogeneous effect the housing
crisis had on regions in the United States, with California and the Sunbelt states having more
illiquid markets earlier in the crisis.

IV. CHANGES IN HOUSING LIQUIDITY WITHIN LOCAL MARKETS

An important issue is whether the composition of housing units for sale in the market
had different characteristics or qualities during the Great Recession relative to the boom
period. To address this issue, this section provides additional evidence of the change of hous-
ing liquidity within each regional market.

For the period 2005-11, the density of TOM for the nation, California, the Sunbelt states,
and all other states are depicted in Figure 3. The national plot suggests that liquidity reached
its worst levels between 2008 and 2011. However, the regional plots suggest that this was not
a uniform trend. California and the Sunbelt states experienced significant rightward shifts in
their liquidity distributions earlier in the crisis, primarily in 2007 and 2008. The other regions
did not display liquidity changes of those magnitudes until the later years of the crisis, such
as 2011. Interestingly, California and the Sunbelt states saw a partial recovery in housing
liquidity by 2009 and 2011, respectively. In contrast, the other regions of the United States
largely saw slower liquidity declines during this period, but the declines were generally mono-
tonic, with the worst years for housing liquidity occurring between 2008 and 2011.

Besides the temporal differences in these distributions of liquidity, the magnitudes of
the changes in liquidity density varied across regions. The Sunbelt states experienced a more
severe shock than the rest of the nation—including California. California experienced an
early shock to liquidity, but its TOM measure never reached that for the Sunbelt states and
its TOM measure recovered more quickly. Analyzing the levels of housing liquidity is useful

Federal Reserve Bank of St. Louis REVIEW First Quarter 2020 59



Famiglietti, Garriga, Hedlund

Figure 3

Housing Liquidity Kernel Density Plots (TOM, 2005-11)
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insofar as it can differentiate relatively liquid and illiquid regional housing markets. A factor
that made the housing crisis particularly severe in California and the Sunbelt states was the
change in liquidity during this period. In 2005, a larger portion of the homes in these regions
were selling in under three months compared with the other regions of the United States (see
Figure 3). The liquidity shocks of the housing crisis caused larger percentage reductions in
liquidity in these regions compared with the rest of the United States.

To measure statistically how liquidity changed over time, we calculate measures of statisti-

cal significance and uniformity in trends; more specifically, we use a Kolmogorov-Smirnov
test. The test is performed on all the density distributions, finding them all statistically different

and significant at the 1 percent level. Across all regions, the number of homes sold in under

three months dramatically decreased from 2005 levels. Starting in 2006, liquidity decreased
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Figure 4
TOM Distributions (2000-16)
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in all housing markets, but the timing and height of the peak of housing illiquidity varies
among regions.

In addition to regional effects, we analyze how segments of housing markets within
regions responded to the liquidity shock of the Great Recession. In particular, it is important
to determine whether the housing crisis caused already hard-to-sell homes to become more
illiquid or if it impacted all houses uniformly. Figure 4 plots the mean, median, 25th-75th
percentile, and 10th-90th percentile measures of TOM for each of the regions over time.
Plotting the percentiles of the housing market captures how different local markets responded
to the housing crisis and whether there were composition effects that account for the trends,
such as illiquidity build-ups in specific segments of the market.

As shown in Figure 4, there were little to no composition effects in determining the trends
in liquidity during this period. The different percentiles of the housing market in each region
received negative liquidity shocks at approximately the same time and experienced similar
percent declines in liquidity levels.
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Figure 5

House Price Distributions Deflated by Personal Consumption Expenditures (2000-16)
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As discussed by Mian and Sufi (2009), the vast majority of housing markets saw severe
price declines during the Great Recession. A reasonable question is whether the widespread
collapse had uneven effects on different tiers of the housing market. To address this issue,
Figure 5 plots different moments (namely, the mean, median, 25th-75th percentiles, and
10th-90th percentiles) of the distribution of real house prices in each region over time. Across
all regions, a negative shock occurs starting in 2005, 2006, or 2007, depending on the region.
In a manner analogous to liquidity, the timing, levels, and severity of the declines in house
prices vary greatly across regions. California and the Sunbelt states saw the earliest and steepest
declines in house prices. Furthermore, California experienced a recovery in house prices years
earlier than the rest of the nation. Figure 5 also suggests that national house prices had yet to
recover to their pre-2005 levels a full decade after the start of the crisis. For the Sunbelt states,
the decline in real house prices persisted long after the crisis and did not begin to recover until
more than five years after the official end date of the Great Recession.
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Figure 6

ZIP Code Correlations of House Prices, Income, and Mortgage Delinquency Rates
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SOURCE: House prices: CoreLogic’s MLS. Mortgage delinquency rates: FRBNY CCP\Equifax. Income: IRS SOL.
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Figure 7

ZIP Code Correlations of TOM, Income, and Mortgage Delinquency Rates
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individual ZIP code, where the diameter is indicative of population.

SOURCE: TOM: Corelogic’s MLS. Mortgage delinquency rates: FRBNY CCP\Equifax. Income: IRS SOI.
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While the magnitudes of house price changes vary across housing tiers (see Armesto and
Garriga, 2009, for a more detailed analysis across U.S. cities for the period 1995:Q3-2009:Q3),
the figure illustrates relatively uniform patterns across the different percentiles of the distri-
butions. The aggregate housing price decline impacted the bottom quartile (which includes
starter homes) as well as the top quartile of the housing stock (which includes luxury homes).
Similar patterns emerge across all tiers of the regional housing markets. The timing of the
decline of house prices across tiers is strikingly uniform and points to a truly macroeconomic
shock to prices. In other words, during these episodes, when the aggregate, national price
moved, all segments of the housing market changed.

The performance of housing markets is also connected to macroeconomic developments
at a granular level. This point has been empirically made by Mian and Sufi (2014) and more
formally, using structural models, by Boldrin et al. (2013); Herkenhoff and Ohanian (2019);
and Garriga and Hedlund (forthcoming), who emphasize housing liquidity. The scatter plots
of Figure 6 demonstrate that the shock to house prices in 2006 was correlated with outcomes
in the macroeconomy (income) and the credit market (the mortgage delinquency rate).

Nationally, at the ZIP code level, income and house prices are correlated with a coefficient
of approximately 0.40. This relationship weakens somewhat for specific regions but still exists
for California and the Sunbelt states. The relationship between mortgage delinquency rates
and house prices is consistent across all regions and has a coefficient of —0.53 for the nation.
This implies that the housing market shocks shown had potentially large spillovers on the
U.S. economy during this period.

The performance of the local housing market is described both by the dynamics of house
prices and the behavior of housing liquidity. In the data, housing liquidity proves to be an
important factor determining the impact housing markets had on macroeconomic outcomes
such as income.

Figure 7 plots by ZIP code for the nation, California, and the Sunbelt states the changes
in TOM (liquidity) relative to changes in income and the mortgage delinquency rate, respec-
tively. At the national level, there is a weakly negative relationship between the changes in
liquidity and income during the crisis period. This relationship is consistent with the predic-
tions of the structural model in Garriga and Hedlund (2019). At a more disaggregated level, the
sign of the correlation varies by region and once we add additional controls, as in Section V,
the results are more consistent with the national correlation. Similarly, the correlation coeffi-
cient of mortgage delinquency rates and liquidity at the national level is 0.15, representing a
decline from that of house prices and mortgage delinquency.

The heterogeneity of these regional relationships is notable. Nationally, changes in house
prices and liquidity appear nearly uncorrelated, as they have a correlation coefficient of merely
-0.01. However, California exhibits a stronger negative relationship for this measure, with a
correlation coeflicient of -0.05, implying it had a number of areas where liquidity increased
and house prices decreased, the expected relationship predicted in Garriga and Hedlund
(forthcoming). For the Sunbelt states, the correlation coeflicient is 0.10, implying they had
some places where prices and liquidity moved together. These correlations highlight the
regional variation in housing market relationships during the period. We explore a potential
explanation of this heterogeneity in Section V.
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V. HOUSING LIQUIDITY, GEOGRAPHY, AND MACRO PERFORMANCE

To more formally establish the statistical significance of housing liquidity on macroeco-
nomic variables during the Great Recession, we perform a series of regression analyses in the
same spirit of Mian et al. (2013) and Mian and Sufi (2014). The basic idea is to explore how
the addition of measures of housing liquidity improves the understanding of the channels
that connect housing markets and the broader economy. Changes in housing liquidity depress
housing demand, but decreased liquidity is ultimately correlated with negative macroeco-
nomic performance. The advantage of using granular data is that it allows capture of measures
of housing liquidity in finer terms.

The regressions use ZIP-code-level data from the MLS for house prices and liquidity,
FRBNY CCP/Equifax for mortgage delinquency rates, and the IRS statistics of income (SOI)
for income. MLS data are the result of manual entry by listing and selling agents, so mistakes
and outliers can occur. To correct for this, we winsorize the top and bottom 10 percent of the
liquidity change measures. This method allows us to preserve large values, which are plausible
given the severity of the housing crisis, but corrects for extreme outliers and data errors.

The basic model of the regressions in this section uses ordinary least squares, with obser-
vations weighted by population calculated as the number of tax returns in a ZIP code in the
IRS SOI data. We choose 2006 as the year for the weights, but this is arbitrary. The IRS SOI data
consistently provide exceptional coverage of the United States, so choosing a specific year
does not reduce the number of observations. Furthermore, the number of tax returns (the
proxy used for population) is stable over time and approximates the cardinal ranking of ZIP
codes by population.

The model form is given by

(1) AOutcome,_,_,, = B, + B, ALiquidity, , ,, + B,AHousePrice,_,_,,

where AOutcome,_,_,, is either the change in real income during the period or the change in
the mortgage delinquency rate. The mortgage delinquency rate is calculated as noted above
for each ZIP code. The change in mortgage delinquency and the change in income are each
expressed as a percent change from the start to the end of the period. The change in liquidity
is the number of days difference between the TOM at the start and the end of the period. The
change in house prices is a percent change in real house prices from the start to the end of
the period.

All regression models use the same periods for variables within regions, but as previously
shown in Section III, the timing of house price and liquidity shocks varied across geographic
regions. Therefore, each region uses a specific time window to reflect its housing crisis period:
the nation, 2006-11; California, 2005-09; the Sunbelt states of Arizona, Nevada, and Florida,
2005-11; and all other ZIP codes, 2006-10. The results of these regressions for income and
mortgage delinquency are found in Tables 3 and 4, respectively. As previously shown in
Sections IT and III, these windows are somewhat arbitrary, as regional housing markets were
consistently adversely affected for the entirety of the sample period.
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For the time windows selected to approximate the regional troughs of the Great Recession,
almost all the coefficients for both the changes in house prices and in housing liquidity are
highly significant, economically sizable, and in the expected direction. For the national regres-
sion, with income as the dependent variable, a one-month increase in TOM is associated with
approximately a 1 percent decline in real income, and a 10 percent decline in house prices is
associated with approximately a 1.8 percent decline in real income. For the Sunbelt states, the
liquidity effects are slightly larger; for California, the price effect is smaller and the liquidity
effect is insignificant. To put these results into perspective, for the nation, the average decline
in house prices was over 33 percent and the increase in TOM was 47.4 days, with the decline
in house prices corresponding to an estimated -5.9 percent decline in income and the increase
in TOM (decline in liquidity) to a —1.7 percent decline in income, for a total estimated decline
in income of 7.6 percent for a representative ZIP code during 2006-11. The representative ZIP
code saw its income actually decline 6.3 percent during this same period, so these estimates
are in the historical range of income declines. The same decomposition yields estimated
declines of 9.3 percent and 2.0 percent of income for house prices and liquidity, respectively,
for the Sunbelt states (using the average declines in house prices and liquidity during this
period). These simple regression models emphasize a strongly statistically and economically
significant relation between housing variables and income.

When estimating the effects of the housing crisis on one specific indicator of housing
market health—the mortgage delinquency rate—the effects are more dramatic. In this case,
all variables are significant at the 1 percent level and in the expected direction. Even California
has a strong correlation between the increase in TOM and the decline in house prices. For
this region, a one-month increase in TOM is associated with a 2.0 percent increase in the
mortgage delinquency rate. Between 2005 and 2009 in California, house prices declined 47.4
percent, TOM increased 42.1 days, and the mortgage delinquency rate increased from 0.3 per-
cent to 9.7 percent. Using these averages, the regression in Table 4 estimates a 13.5 percent
increase in mortgage delinquency. Analogous calculations for the Sunbelt states estimate a
17 percent increase in mortgage delinquency. Given the size and significance of both house
prices and liquidity in the regional regression models, we conclude that both are critical fac-
tors to consider when estimating housing market outcomes.

The results of this empirical analysis strongly imply that house prices and liquidity were
important factors for macroeconomic outcomes during the Great Recession. However, it
should be noted this analysis uses ordinary least-square regression models that do not imply
causality of the housing variables on the dependent variables used. These tests demonstrate
that housing outcomes were highly correlated during this period with the decline in income
and an increase in mortgage delinquency, but this analysis cannot say with any certainty to
what extent the deterioration of housing markets caused the macroeconomic conditions expe-
rienced during the Great Recession, due to endogeneity of the dependent and independent
variables. To more definitively state how much the illiquidity buildup of this period caused a
decline in national income, some control for endogeneity would be required.
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Table 3

Regressions for Income with AAGI/ as the Dependent Variable (Number of Returns 2006
Weighted)

National California Sunbelt Other
-0.035%** 0.026 -0.021* -0.020%*
ATOM (0.006) (0.016) (0.011) (0.008)
APrice 0.180%*** 0.055%%* 0.150%** 0.079%***
(0.008) (0.017) (0.021) (0.012)
Constant 1.966*** -3.767%** —5.232%** -0.098
(0.422) (1.01) (1.685) (0.436)
Observations 9,356 951 864 7,312
R? 0.053 0.013 0.056 0.007

NOTE: AGlI, adjusted gross income. Sunbelt, the Sunbelt states of Arizona, Nevada, and Florida. Other, all other states.
ZIP-code-level data have many outliers in the MLS. To control for these and limit their impact, the bottom and top 10
percent of changes in liquidity were winsorized. This applies to all regressions displayed in this article. Standard errors
are in parentheses. Time windows for national, California, the Sunbelt, and other are 2006-11, 2005-09, 2005-11, and
2006-10, respectively. *p < 0.1, ** p < 0.05, and *** p < 0.01.

SOURCE: TOM, house prices: CoreLogic’s MLS. Income: IRS SOI.

Table 4

Regressions for Mortgage Delinquency with AMDR as the Dependent Variable (Number
of Returns 2006 Weighted)

National California Sunbelt Other
*¥% KKK *¥% *XK*
ATOM 0.043 0.066 0.073 0.020
(0.001) (0.007) (0.006) (0.001)
APrice —0.125%** —0.224%*** —-0.198*** —-0.075%**
(0.002) (0.008) (0.011) (0.002)
Constant —1.527%%* —4,183%** -6.966*** 1.039%**
(0.083) (0.466) (0.892) (0.057)
Observations 9,410 971 879 7,334
R? 0.446 0.504 0317 0.262

NOTE: MDR, mortgage delinquency rate. Sunbelt, the Sunbelt states of Arizona, Nevada, and Florida. Other, all other
states. Standard errors are in parentheses. Time windows for national, California, the Sunbelt, and other are 2006-11,
2005-09, 2005-11, and 2006-10, respectively. *** p < 0.01.

SOURCE: TOM, house prices: CoreLogic’s MLS. Mortgage delinquency: FRBNY CCP\Equifax.
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VI. HOUSING LIQUIDITY AND HOUSING SUPPLY ELASTICITY

The empirical analysis presented thus far has established that there were significant differ-
ences between regional housing markets during the Great Recession. Important questions to
consider are these: What drove these regional differences, and why did the magnitudes of the
house price and liquidity effects vary between regions? Obvious housing differences exist
among California, the Sunbelt states, and many other regions of the United States. Perhaps
the most notable regional housing difference is the age and amount of building development.
Parts of California and the Sunbelt states are populated with relatively newly developed cities
with broad city limits and an abundance of undeveloped land to use for future building. This
regional feature differs from the older, more densely developed metropolitan areas in the
Northeast. Possible explanations for the regional heterogeneity in response to the Great
Recession are the differences in land availability and housing supply elasticity.

Even within the regions in this analysis, there is significant variation in local housing
markets. Few would deny there are large land constraint and population density differences
between San Francisco and San Bernardino counties. By grouping ZIP codes into geographic
regions instead of categories based on some other economic similarity, our baseline analysis
may be obscuring the effect of housing liquidity on macroeconomic outcomes. In particular,
the variation of local housing supply elasticities is a natural candidate for grouping by ZIP code
to analyze the responsiveness of the economy to shocks during the Great Recession. Saiz (2010)
analyzes satellite footage of the United States to calculate housing supply elasticities based on
land availabilities in MSAs. He finds that areas with little opportunity for land development
due to land constraints were often the most housing supply inelastic. We use his MSA-level
estimates of housing supply elasticity and assign an MSA-level value to each ZIP code found
within a given MSA. We label ZIP codes in the highest quartile of elasticities (above 2.34) as
“high elasticity” and in the lowest quartile (below 1.2) as “low elasticity.”

It is well established in the literature that house prices respond more strongly to shocks
in less-elastic markets. We would expect the same to be true for the response of housing liquid-
ity. In particular, if housing demand increases and there is little ability to build new houses,
prospective buyers will bid up prices and cause properties to sell more quickly. The reverse
process would likely occur during a downturn, especially if it is assumed that house prices
are sticky or that agents do not wish to sell their homes for a low price unless constrained to
do so in cases such as bankruptcy. When homeowners are unlikely or unwilling to sell for low
prices or are not required to do so, the time it takes to sell properties increases. This loss-aversion
behavior in real estate markets has been documented in previous studies such as Genesove
and Mayer (2001), and we expect it to affect low-elasticity markets. However, it is not yet
known how local supply elasticity affects the transmission of changes in house prices and
liquidity to macroeconomic and credit variables.

To test for heterogeneity in the housing transmission mechanism by the local supply
elasticity, we re-estimate the model in equation (1) and group by elasticity rather than region.
We estimate these regressions over the period 2005-11 to encompass the entirety of the
national housing crisis. The results of the regressions are in Tables 5 and 6.
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Table 5

Saiz Elasticity Regressions for Income with AAGI;_,, as the Dependent Variable (Number
of Returns 2006 Weighted)

National High elasticity Low elasticity
-0.037*** -0.0371*** -0.087***
ATOMos.1, (0.003) (0.008) (0.006)
APrice 0.195%** 0.127%** 0.194%***
0511 (0.004) (0.008) (0.010)
Constant 2.703%*** -0.256 6.402%**
(0.222) (0.388) (0.581)
Observations 6,118 1,638 1,503
R? 0.286 0.130 0.306

NOTE: AGI, adjusted gross income. Elasticity groups are given in the column headers. Standard errors are in parentheses.
*H¥
p <0.01.

SOURCE: TOM, house prices: CoreLogic’s MLS. Mortgage delinquency: FRBNY CCP\Equifax. Income: IRS SOI. Saiz elastic-
ities: Saiz (2010).

Table 6

Saiz Elasticity Regressions for Mortgage Delinquency Rates with AMDR 5 ,, as the
Dependent Variable (Number of Returns 2006 Weighted)

National High elasticity Low elasticity
0.044*** -0.001 0.071%***
ATOMos.11 (0.0071) (0.002) (0.003)
APrice -0.107%** -0.039%** -0.170%**
0511 (0.002) (0.002) (0.005)
Constant —1.2715%** 1.384%*** —4.772%%*
(0.097) (0.110) (0.295)
Observations 6,146 1,643 1,521
R? 0.453 0.141 0.552

NOTE: MDR, mortgage delinquency rate. Elasticity groups are given in the column headers. Standard errors are in paren-

theses. *** p < 0.01.

SOURCE: TOM, prices: CoreLogic’s MLS. Mortgage delinquency: FRBNY CCP\Equifax. Income: IRS SOI. Saiz elasticities:

Saiz (2010).
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For ZIP code MSAs with an inelastic housing supply, a one-month increase in TOM yields
an estimated 2.6 percent decline in income, and a 10 percent decline in house prices yields an
estimated 1.9 percent decline in income. At the national level, the estimated declines are a 1.1
percent and 1.9 percent, respectively. Thus, the housing transmission mechanism for both
prices and liquidity to income is stronger in low-elasticity areas. By contrast, in high-elasticity
areas, a one-month increase in TOM yields only an estimated 0.9 percent decline in income,
and a 10 percent decline in house prices only an estimated 1.3 percent decline in income.

Switching focus to the mortgage delinquency rate, the results are similarly stronger in low-
elasticity areas. Specifically, a one-month increase in TOM yields an estimated 2.1-percentage-
point increase in the mortgage delinquency rate compared with no statistically significant
effect in high-elasticity areas and a 1.3-percentage-point increase nationwide. The price effect is
also strongest in low-elasticity areas. The lesson that emerges by comparing Tables 3 and 4
with Tables 5 and 6 is that grouping by elasticity shows starker differences in the transmission
from housing to the rest of the economy than does grouping by geographic region.

VIil. CONCLUSION

The empirical findings in this article demonstrate that there was significant variation in
the timing and magnitude of the housing market collapse across the United States. The more
disaggregated analysis at the transactional and ZIP code level relative to previous studies at
the county level indicates that, in addition to house prices, housing liquidity was strongly
associated with the deterioration of macroeconomic outcomes during this period. Grouping
the United States into areas of low and high elasticity of the housing supply confirms that the
magnitude of the effect of liquidity is at least partially dependent on characteristics of local
housing markets. m
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APPENDIX: DATA SOURCES
MLS Data

The MLS data are part of the CoreLogic Real Estate Database in the RADAR Data
Warehouse (DW), which contains property-level data on deed and mortgage transactions,
foreclosure actions, tax assessors’ characteristics, and sale listings for residential properties
around the United States. The MLS data include listings for properties that are on the market
for sale or for rent. The data come from real estate boards, organizations of real estate agents
who enter properties into an electronic MLS system in order to market them. The focus of
our analysis is properties for sale, so we drop the rental properties information. The data
include a large array of fields but most fundamentally cover things such as the date the prop-
erty went on the market; the asking price; and a description of the properties features such as
the square footage of living area, the number of bedrooms and bathrooms, and other attributes.
The dataset provides information about the street address; ZIP code; and identifiers for the
MSA, country, and state. The dataset is dynamic, as it tracks changes in the listing over time,
in particular whether the property is pulled off the market, is relisted, or has its price adjusted.

The analysis is restricted to ZIP code level, but we also conduct robustness tests at the
county level. For the analysis, the observations with a missing ZIP code or Federal Information
Processing System code are dropped. The analysis is restricted to single-family homes and
condominiums. The unit of measure for TOM is daily (sometimes referred to as days on the
market), and the observations with negatives entries, exceeding 1,460 days, or missing infor-
mation are eliminated. Properties with inconsistent information, such as a closed status but
categorized as active, accepting backup offers, contingent, deleted, on hold, oft market, pending
sale, or pending, are eliminated.

The reported variable of TOM gets reset if the property is relisted with a different realtor.
For example, a property could be listed with realtor A for six months without selling, pulled
off the market for two months, and then relisted with realtor B and sold within two months.
The data would report a failed listing of six months and a successful listing of two months. In
the absence of major improvements to the dwelling, our view is that the property has taken
at least eight months to sell. To capture the effective time that properties are listed before sell-
ing or being pulled off the market, we reconstruct the variable TOM by following the property
from the initial listing to a complete sale or withdrawal from the market, allowing relistings
or withdrawal from the market for less than three months. This three-month threshold seems
to capture more than 75 percent of such incidences.

IRS Data

The main macroeconomic variable available at the ZIP code level is adjusted gross income
(income) provided by the IRS. The IRS gathers tax receipts and creates tables by ZIP codes
for individual states, including various tax and income-related statistics. In particular, the
IRS reports income. A ZIP code is included by the IRS only if the area has more than 10 tax
receipts. A tax receipt is an individual’s gross income minus tax adjustments. The analysis
uses data for the years 2004-15. In the file, there are different income classes given by the IRS.
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The mean income across classes is added up and divided by the total number of returns, giving
the average income for a ZIP code for a given year. The data are made real using the personal
consumption expenditures index and multiplying by 100.

FRBNY CCP/Equifax Data

This dataset contains individual-level data on households’ credit reports, and it is available
in the RADAR Data Warehouse. The data are a representative 5 percent sample of individuals
in the United States with a credit report and Social Security number and are reported on a
quarterly basis. For the purposes of this project, the universe of data was aggregated annually
at the ZIP code level on a few variables from this vast dataset. In particular, data gathered
included several measures of mortgage payment status: the number of current mortgages in
a ZIP code and several variables that disaggregated past-due mortgages into buckets by timing.
The summary tables and the analysis uses the flags provided by Equifax to remove duplicated
individuals during aggregation. The variable defined as the mortgage delinquency rate aggre-
gates the number of mortgages 90 days past due (delinquent), between 90-120 days past due
(seriously delinquent), and “severely derogatory.” Severely derogatory mortgages have no clear
definition from Equifax, but Equifax and other sources suggest that these are mortgages that
are at least 120 days past due and also include mortgages in the process of foreclosure, collec-
tion, or repossession. The variable for total mortgages is calculated using the measures described
above along with current mortgages and mortgages less than 90 days past due. The summary
statistics and the regressions report the rate that is calculated as the ratio of mortgages 90+
days past due (plus those severely derogatory) over the stock of mortgages in a given year.

ZIP-Code-Level Data

The ZIP-code-level data are from the U.S. Census Bureau’s 2010 Decennial Survey of the
United States. If a given ZIP Code has population missing from this survey, it is replaced by
data from the 2000 Census if possible. These data are used to weight the summary statistics
and scatter plots in Figures 6 and 7.

INFORMATION ON WEIGHTING
ZIP Code Regressions

The ZIP code regressions are weighted using the number of tax returns in each ZIP code
in 2006 as a proxy for population. This proxy is also used in the regressions with the mortgage
delinquency rate and mean income as dependent variables.

Summary Statistics

The summary statistics use weights as well. For the ZIP code summary statistics, 2000
and 2010 Census population data are used as the weights. Because population is fixed per ZIP
code and does not vary per year, the static populations of the ZIP codes are used to weight
these statistics.
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ENDNOTES

1 An extensive summary of the state of this literature is provided by Davis and Van Nieuwerburgh (2015) and

Piazzesi and Schneider (2016).

< Thereis a growing literature that measures the extent to which the housing boom was driven by expectations/
beliefs or credit conditions. Plenty evidence indicates that homeowners tend to have overoptimistic expectations
about future appreciation. Case and Shiller (2003) found that up to 95 percent of homebuyers in the year 2003
thought that housing prices would appreciate by an astonishing annual average of 9 percent over the next decade.
Davis and Quintin (2014) show that during boom-bust periods household expectations adjust sluggishly and
households fail to anticipate changes in the value of their home relative to the market value. These notions have
been incorporated in models to rationalize boom episodes (i.e., Glaeser, Gottlieb, and Gyourko, 2013; Glaeser and
Nathanson, 2015; Adam, Kuang, and Marcet, 2012; Kahn, 2009; and Gelain, Lansing, and Natvik, 2018). Another
strand in the macro-housing literature explores the impact of changes in housing finance (i.e., reductions in mort-
gage rates, relaxation of loan-to-value constraints, and innovations in mortgage lending) on house prices (i.e.,
Ortalo-Magné and Rady, 2006; Kiyotaki, Michealides, and Nikolov, 2011; Landvoigt, Piazzesi, and Schneider, 2015;
and Favilukis, Ludvigson, and Van Nieuwerburgh, 2017).

8]

Formalizing the role of frictions in housing transaction is becoming more standard. There is an extensive literature
that uses random-matching search techniques from the labor literature (i.e., Wheaton, 1990; Krainer, 2001; Novy-
Marx, 2009; Ngai and Tenreyro, 2014; and Caplin and Leahy, 2011). More recently the selling behavior evidence
provided by Merlo, Ortalo-Magne, and Rust (2015) has provided empirical support for using a directed search model
in this article. Itis common in this literature to abstract from credit constraints and the financial heterogeneity of
buyers and sellers (i.e., Diaz and Jerez, 2013; Albrecht, Gautier, and Vroman, 2016; and Head, Lloyd-Ellis, and Sun,
2014), and this limits the ability to explore the connection among housing illiquidity, foreclosures, and endoge-
nous credit supply. The majority of these papers explore the housing market in isolation, ignoring the impact of
house price movements for the broad economy.

% The appendix contains detailed information on the construction of these variables and different measures of
robustness on the variation during the sample period 2005-12.

2 Months’ supply is the ratio of houses for sale to houses sold. This statistic provides an indication of the size of the
for-sale inventory in relation to the number of houses currently for sale. Months’ supply indicates how long the
current for-sale inventory would last given the current sales rate if no additional new houses were built.

5 All results presented in this article have been calculated using both TOM and months’ supply and are very similar.
For ease of presentation, we present the results using TOM because TOM is easy to understand.
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