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Abstract

While the elasticity of housing supply has served as a popular instrument for inferring the
causal effect of housing price growth on economic outcomes, concerns about the exclusion
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pre-existing supply of housing structures of different characteristics changes in the price of
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price shocks, our Bartik-like instrument is a strong predictor of housing price growth in
both the cross-section and over time even after controlling for county and time fixed effects,
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Using longitudinal household data, our instrument produces an elasticity of consumption
with respect to local housing price growth of 0.12, corresponding to a marginal propensity
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1 Introduction

There is now a large literature that documents the significant impact of fluctuations in house prices
on the macroeconomy, especially through their effect on consumption expenditures. A commonly
cited reason for this is the exposure of household balance sheets to house values, both through
wealth and collateral effects.! However, empirically isolating these effects is challenging because
both consumption and house prices are endogenous equilibrium objects. In this paper, we develop
and introduce a new Bartik instrument for house prices to address this endogeneity problem.
The majority of the empirical literature uses instrumental variable strategies that exploit cross-
sectional variation in the Saiz (2010) housing supply elasticity to estimate the responses of con-
sumption to house price growth (Campbell and Cocco, 2007; Mian et al., 2013; Aladangady, 2017;
Kaplan et al., 2020; Guren et al., 2020). However, this approach faces at least two limitations.
First, recent evidence suggests that housing supply elasticities are correlated with other deter-
minants of household consumption (e.g., local amenities, worker characteristics, and economic
opportunities) (Davidoff, 2016; Gyourko et al., 2013). Second, variation in housing supply elastic-
ities only comes from the cross-section and typically for a limited set of metropolitan areas.?
The primary contribution of this paper is to introduce a new Bartik instrument for house prices.
The instrument exploits plausibly exogenous variation in local housing characteristics, such as the
age of houses, the number of bedrooms, and the number of bathrooms. Time-series variation in
the instrument is generated by estimating hedonic pricing regressions to compute changes in the

marginal prices of these housing characteristics. To the extent that areas differ in their housing

1See, for example, Bernanke and Gertler (1989) for an early theoretical model along these lines.
2Recently Lutz and Sand (2017) extended Saiz (2010) to a more granular set of local geographices.



characteristics, areas that have greater concentrations of those types of homes will be influenced
more by national or regional shocks to those characteristics. For example, if San Francisco consists
mostly of two-bedroom houses built prior to the 1940s, while Las Vegas has mostly four-bedroom
houses built in the early 2000s, then an increase in the price of larger and newer houses in the
Western US would result in relatively faster house price appreciation in Las Vegas.

Our instrument builds on an emerging theoretical foundation for Bartik instruments (Bartik,
1991; Borusyak et al., 2018; Goldsmith-Pinkham et al., 2018). Following Goldsmith-Pinkham et al.
(2018), our identifying assumption relies on the exogeneity of local housing characteristics with
respect to other determinants of household consumption decisions. We provide suggestive evidence
that variation in local housing characteristics is uncorrelated with local factors that could otherwise
drive consumption decisions. Local housing stocks evolve very slowly, and many features of the US
housing stock can be traced back to policies following the Great Depression that led to a significant
expansion of different types of housing units across space. Motivated by Goldsmith-Pinkham
et al. (2018), we also provide numerous diagnostic checks alongside our primary results, which
suggest that local housing characteristics are unrelated to contemporaneous shocks to household
consumption. To construct the instrument, we use highly disaggregated housing micro-data from
the Zillow Transaction and Assessment Dataset (ZTRAX). The detailed ZTRAX data allows us
to construct instruments for house prices at different levels of geographic aggregation. While the
main results in the paper use instruments constructed at the county-level, we demonstrate the use
of a zip code-level instrument in results reported in the Online Appendix.

In the second part of the paper, we use the Bartik instrument to present new estimates of the
elasticity of non-durable consumption with respect to changes in house prices. We use household

panel data from the Nielsen Homescan Consumer Panel. We report precise 2SLS estimates across



a range of specifications, finding that a one percentage point rise in local house prices is associated
with a 0.10-0.12 percent rise in consumption growth. This corresponds to marginal propensities
to consume non-durable goods out of housing wealth of 0.80 to 1.03 cents of the dollar. We
also provide additional evidence in favor of the collateral channel. Following Mian et al. (2013)
and Aladangady (2017), we find that the consumption elasticity with respect to house prices is
roughly twice as large for households in zipcodes with loan-to-value (LTV) ratios above 80%.
We also document age-dependent elasticities, finding that households under the age of 40 have an
elasticity that is roughly five times as large as those above the age of 60. Since younger households
tend to have higher mortgage debt burdens, we view this as evidence in favor of the collateral
channel rather than an age-dependent wealth effect (Campbell and Cocco, 2007; Buiter, 2010).
This paper is related to two strands of literature. First, we contribute to the growing empirical
literature that employs instrumental variables strategies to study the effect of house price move-
ments on household consumption patterns. Mian and Sufi (2011) pioneered the cross-sectional
approach to identification in this field by exploiting variation across metropolitan areas in housing
supply elasticities. Aladangady (2017) extended the use of the housing supply elasticity instru-
ment to panel data by interacting the local elasticities with national variation in real interest
rates. We follow Aladangady (2017) in using household panel data to directly measure household
consumption, as this allows us to identify heterogeneity in consumption responses across individu-
als, locations, and time. Guren et al. (2020) introduce an instrument that exploits the sensitivity
of local house prices to regional house price cycles. Our instrument is a refinement of this lat-
ter approach. Whereas Guren et al. (2020) exploit residual variation between local and regional
house price cycles, we identify a specific source of these exposures as cross-sectional variation in

the composition of house characteristics. Since housing stocks are long-lived, variation in local



house characteristics are pre-determined, which assuages concerns that contemporaneous shocks
to consumption are correlated with the source of house price variation in the instrument.
Second, our paper contributes to a broader literature in urban economics that studies the
effect of housing price fluctuations on local outcomes, including the labor market. For example,
Gyourko et al. (2008), Gyourko et al. (2019), and Glaeser et al. (2005) explore the quantitative
effects of housing regulation on housing prices. Incorporating housing regulatory constraints and
land availability, Saiz (2010) creates a measure of the elasticity of housing supply, which has
been used in a wave of recent empirical contributions as an instrument for housing price growth.
More recently, Lutz and Sand (2017) update this work to produce greater spatial disaggregation
in measures of land availability. Following this work, our instrument provides a new source of
plausibly exogenous spatial variation in housing supplies. Rather than study variation in land
available for future building, we focus on the composition of local housing characteristics as a

measure of local exposure to fluctuations in the valuation of different housing stocks.

2 Data and Measurement

2.1 Housing Data

House price data come from the Zillow Transaction and Assessment Dataset (ZTRAX), made
available by Zillow Research. The full ZTRAX dataset contains more than 370 million public
records from across the US and includes information on deed transfers, mortgages, property char-
acteristics, and geographic information for residential and commercial properties. We restrict the

data to observations on arm’s-length, non-foreclosed sales of residential properties made by owner-



occupiers and exclude observations from Rhode Island, Tennessee, and Vermont due to missing
data problems.® We also exclude all observations with missing data or where the sale price is
less than $10,000. Nonetheless, even when the transaction price is missing, we retain information
about the property characteristics, which we use in our construction of the Bartik instrument.
While we use the Zillow data because of the detailed heterogeneity that allow us to compute
shares of housing characteristics by type and to estimate the price of housing quality for each
type of structure, there are important similarities between the data and the Census Bureau data.
Appendix A presents comparisons between the ZTRAX data and the 2000 Decennial Census.
Housing characteristics (the age of a home, the number of bedrooms, and the number of bathrooms)

between the two datasets are highly correlated. Our final data contains 55 million observations

between 1994 and 2016. Further details on the filtering are included in the Online Appendix.

2.2 Consumption Data

Household-level consumption data come from the Nielsen Consumer Panel data. The panel runs
from 2004 to 2016 and contains between 40,000 and 60,000 households each year. Households
report, via an in-home scanning device, the price paid for and quantity purchased of all goods
bought during their time in the survey. We aggregate these purchases into household-level annual
expenditure. The data reports on approximately 1.5 million unique goods, which account for
approximately 30 percent of all household consumption categories (Nielsen, 2016). These goods

are largely non-durables from the following categories: health and beauty, dry grocery, frozen

3Large numbers of observations are missing price data in Alaska, Idaho, Indiana, Kansas, Maine, Mis-
sissippi, Montana, New Mexico, Texas, Utah, and Wyoming due to either non-mandatory disclosure of
or outright prohibitions on the reporting of transactions prices. See http://www.zillowgroup.com/news/
chronicles-of-data-collection-ii-non-disclosure-states/ for more details.


http://www.zillowgroup.com/news/chronicles-of-data-collection-ii-non-disclosure-states/
http://www.zillowgroup.com/news/chronicles-of-data-collection-ii-non-disclosure-states/

foods, dairy, deli, packaged, meat, fresh produce, non-food grocery, alcohol, general merchandise.
Importantly, the data reports the state, county, and zip code in which each household lives. Each
household can then be linked to a measure of local house prices.

Although the Consumer Panel reports demographic information associated with each house-
hold, home ownership status is not one of these variables. To infer home ownership status, we
follow the procedure in Stroebel and Vavra (2014) who also use the Consumer Panel data. House-
holds report whether they live in a one-, two-, or three-family dwelling, and also whether the house
is a condo or co-op. We assume that single-family, non-condo/co-op residences are inhabited by
home owners, while remaining households are renters. The proportion of households living in
single-family homes is 75 percent and does not change significantly across sample years. Because
only homeowners should experience the wealth and collateral effects of house prices on consump-
tion (Buiter, 2010), we restrict our sample to inferred home owners. Households are occasionally
observed to move across geographies, although this is less common than is the case in the gen-
eral population. Because consumption patterns may differ for movers and non-movers, we further
restrict our sample to those who never move. Summary statistics for demographic groups and

consumption patterns are reported in Section A.2 of the Online Appendix.

2.3 Additional Data Sources

County house price indexes come from the Federal Housing Finance Agency (FHFA).* We use
the CPI for all urban consumers to deflate all nominal variables. Average after tax income by

zip code is computed from the IRS Statistics of Income (SOI), using the adjusted gross income

4Although the ZTRAX data is a rich source of individual housing transactions, the varying degrees of complete-
ness presents some difficulties in constructing broad and consistent house price indexes, so we rely on the published
house price indexes of the FHFA.



variable less total tax payments. County unemployment data is collected from the BLS Local Area
Unemployment statistics. Zipcode and county demographic information are computed from the
2000 Decennial Census. We use annual county employment by industry from Country Business
Patterns data. We aggregate employment using the 6 digit NAICS codes into broad categories
for construction (NAICS: 23), retail trade (NAICS: 44, 45), and finance/insurance/real estate

(NAICS: 52, 53). A detailed list of all data sources is reported in Section A of the Online Appendix.

3 Theory and Empirical Approach

Aggregate house prices and consumption are known to co-move over the business cycle. But,
because house prices are endogenous equilibrium objects, it is difficult to distinguish the effect of
price movements on consumption from the effect of underlying macroeconomic shocks. Neverthe-
less, economic theory suggests direct a relationship from house prices to household consumption
through wealth and collateral effects on household balance sheets.

Owner occupied housing is a large component of household wealth and its market value rises
and falls with changes in house prices (Rognlie, 2015). Friedman’s Permanent Income Hypothesis
model of household consumption shows that an increase in permanent wealth leads to an increase in
current expenditures (Friedman, 1957). However, housing wealth may be unlike other components
of household wealth (Buiter, 2010). Owner-occupiers forgo rental income from leasing their homes,
but also save on rental payments for housing services. If houses are priced according to the future
stream of rental rates, then an increase in house prices reflects rising rental costs. Higher house
values would mean that home owners enjoy an increase in wealth on paper, but also face higher

implicit housing service costs. These offsetting effects imply that changes in house prices may have



no net wealth effect on consumption. Despite this, many empirical papers in the recent literature
find some support for a general wealth effect channel (Case et al., 2005; Campbell and Cocco,
2007; Mian et al., 2013; Kaplan et al., 2020; Aladangady, 2017).

While wealth effects may be zero in infinite horizon models, life-cycle models suggest that they
may differ according to age (Campbell and Cocco, 2007). For young households, future changes in
income, family size, and preferences suggest a rising profile of housing consumption over their life
time. In contrast, older households may expect to decrease housing consumption in the near future.
Thus, rising house prices reflect a decrease in the present discounted value of wealth for young
households since they expect to purchasing more housing in the future. For older households, an
expected decline in housing consumption means that higher house prices reflect an increase in the
present discounted value of wealth. Although Campbell and Cocco (2007) find empirical support
for this age-dependent wealth channel, Attanasio et al. (2009) present contradictory evidence.?

The effect of a change in wealth on consumption can be non-linear. Consumption functions are
concave in current wealth when households are faced with uncertainty and either convex marginal
utility (Carroll and Kimball, 1996) or borrowing constraints (Carroll, 2001). Then, households can
have very large marginal propensities to consume (MPCs) out of shocks to wealth.® Borrowing
constraints are especially relevant in the context of housing wealth since houses act as collateral
for mortgage borrowing. For example, rising house prices can relax borrowing constraints by
reducing current loan-to-value ratios, which allows households to refinance mortgages or make

use of home equity lines of credit (Chen et al., 2013). Households with little wealth or who are

close to borrowing constraints are especially sensitive to changes in house prices. Recent empirical

®Mian and Sufi (2011) also find little evidence for differences across age in borrowing repsponses to house prices.
6Large MPCs are even possible for high net-worth households if they are otherwise borrowing constrained.
Consider, for example, the wealthy hand-to-mouth households in Kaplan et al. (2014).



work provides evidence that this collateral channel of house prices has a strong effect on borrowing
(Mian and Sufi, 2011; Cloyne et al., 2019) and consumption (Mian et al., 2013; Aladangady, 2017).

The empirical literature has employed two reduced form model specifications for investigating
the effect of house prices on consumption. One model estimates the elasticity of consumption with
respect to house prices and the other estimates the MPC out of housing wealth. While the former
approach requires only data on consumption and house prices, the latter also requires information
about the composition of wealth. Lacking information on balance sheets, we estimate the elasticity
of consumption growth with respect to house price growth under arbitrary degrees of geographic

disaggregation through regressions of the form:

Acigr = B1Apgs + Patiy + Baygr + g + At + €i g1, (1)

where ¢ denotes an individual household, g denotes the location of that household (e.g. zipcode or
county), and ¢ denotes the year of observation. Ac;,; is the annual log-change in real household
consumption expenditure, Ap,; is the annual log-change in real local house prices, and 3, is the
elasticity of consumption with respect to local house prices. Household controls z;, include a
typical set of demographic characteristics, including real income growth. We also experiment with
local controls, y, ¢, including employment and payroll growth. County fixed effects o, are included
to purge time-invariant heterogeneity in consumption amenities that could be correlated with
housing fluctuations. Time fixed effects \; are included when controlling for common movements
in house prices and consumption. See Appendix D for a full description of control variables.

Unfortunately, even with detailed household and local controls, we are still concerned that our
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estimates of Equation (1) may be biased for at least two reasons. On one hand, unobserved local
productivity or demand shocks, like the opening of a new business that leads to greater income,
could simultaneously raise consumption and housing price growth. This would generate upwards
bias. On the other hand, increases in consumption could generate an increase in employment
growth, spilling over into the housing market. This would generate downwards bias through
reverse causality. Our inclusion of county labor market controls, such as the unemployment rate
and growth in average payroll, and household controls, such as demographics and income, helps
mitigate upwards bias, but does little to mitigate reverse causality.

We deal with these identification concerns involves developing a Bartik-like instrument in the
tradition of (Bartik, 1991). Rather than exploiting industrial or occupational composition in
employment shares and interacting exposure from a pre-period with national employment or wage
growth, we exploit plausibly exogenous variation in the composition of housing characteristics
within a location—namely the age and size of the structure—and interact these shares with national
housing price growth. These housing characteristics reflect the quality of a home, which vary in
their price due to demand-side fluctuations in the national housing market. In this sense, if if San
Francisco consists of mainly two-bedroom homes prior to the 1940s, whereas Nevada consists of
mostly four-bedroom homes in the early 2000s, then an increase in demand for larger and newer
homes would generate faster housing price appreciation in Nevada, relative to San Francisco.

Thanks to increasing research on the econometric assumptions behind Bartik-like instruments
(Borusyak et al., 2018; Goldsmith-Pinkham et al., 2018), we now know that our exclusion restric-
tion requires that unobserved shocks to consumption growth are uncorrelated with dispersion in
the local shares of housing characteristics in our age x size categories. This condition would be

satisfied if shocks to household consumption are idiosyncratic and uncorrelated across households
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within the same location—that is, if households in the same location make different consumption
decisions for reasons that are uncorrelated with their location x group housing price shock.”

We produce these size x age local housing shares from 1994 to 2005, making them pre-
determined relative to 2005 and 2016. Moreover, these shares change very slowly over time.
Figure 1 documents these results by comparing the fraction of houses in different age bins—built
before 1940, from 1940 to 1959, from 1960 to 1979, and 1980 to 1999-across two snapshots: the
2000 Decennial Census and the 2014-2018 five-year American Community Survey (ACS). We find
significant degrees of persistence: except between 1960 and 1979 where the correlation is 0.87, the
correlation is at least 0.95. This means that the composition of housing characteristics is unlikely

to respond to shocks that affect household consumption in those locations.

[INSERT FIGURE 1 HERE]

Table 1 provides additional evidence that demographic characteristics are largely demonstrate
no systematic correlation with housing characteristics. Although no correlation is greater than 0.5
in absolute magnitude and the mean correlation across all house characteristics and demographics
is 0.015, we find that counties with a higher proportion of new houses have: higher home ownership
rates, higher rates of college educated households, more white households, fewer black households,
and fewer immigrant households. These results are comforting since a systematic correlation
between dispersion in housing shares with demographic factors would otherwise indicate a violation
of the exclusion restriction (Davidoff, 2016). Nonetheless, given the presence of some correlation
between demographics and housing characteristics, we nonetheless control for these characteristics

as robustness and show that they do not alter our elasticities from the baseline.

"This assumption is similar to the conditions for Guren et al. (2020) and, to some extent, Palmer (2015).
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[INSERT TABLE 1 HERE]

4 Construction of the Bartik Instrument

Following the discussion in Goldsmith-Pinkham et al. (2018), we take the inner product of the
growth in house prices Ap,; decomposed into the interaction between local housing shares and

local quality price growth rates Agg

Apg,t = Z )\g,c,tAQg,c,tv (2>

where Ay ; is the share of houses in location g with characteristic ¢ at time ¢, and Aggy .. is
quality price growth for houses with characteristic ¢ in location g at time t. House price growth
is then given by changes in quality prices weighted by the proportion of those qualities in a
particular location. For instance, in a simplified setting where there is one location and a single
time period with only two housing types (small and large), then the share of small houses in a
location is Ag and price growth for each type is Ag, ¢ and Ag, . Then, overall house price growth

is Ap, = AsAqys + (1 — Ag)Agy .. We further decompose the price of quality as follows:

Qg,cit = dg + qet + Qg,c,ta (3)

where ¢, is a location fixed effect, g., is a characteristic-time component, and ¢, is an idiosyn-
cratic location-characteristic-time component. Willingness to pay for housing quality over time
depends on location, the qualities themselves, and interactions between the two. For example,

poor rural areas are less able to pay for any given characteristic yielding a low value of g,. Large
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houses are relative luxuries, meaning that g., is high for large houses when income is high. But,
since rural areas already have space, they put less of a premium on large houses so that g, is
relatively low for large houses in rural areas when income is high.

However, the location and idiosyncratic components of quality prices may be correlated with
local shocks to household consumption growth. To overcome this sendogeneity, we construct the
Bartik instrument using only the characteristic-time component Ag.,; of quality prices. We also

restrict the local shares to an initial period: A\;. = Agco. The instrument is then expressed as:

Bg,t = Z )\g,cAQC,ta (4)

where B, denotes the Bartik instrument for house prices. In practice, we modify Equation (4)
to allow for separate house characteristics ¢, each with mutually exclusive categories ¢ because
housing consists of bundles of characteristics (Rosen, 1974), such as house age and number of
bedrooms. Much like the canonical applications of Bartik instruments that use industry as the
categorical variable, and thus the industry shares sum to one in each location, we adhere to a

i

.0 Where

similar practice: the share of houses in category ¢ with characteristic ¢ is denoted A

i )\;76 =1 for each ¢ in each location. Equation (4) can be rewritten as:

Byt = Z Z )‘;,chZ,m (5)

where /\g . are the shares of houses in category 4 for characteristic ¢ in each location ¢.®

8Equation (7) seems to suggest that the various characteristics are unweighted in the relation to house prices:
since the category shares for each characteristic sum to 1, then house age is no more or less important than house
size. However, the relative importance of each characteristic is embodied in the quality prices qu,t' Equivalently,
we could normalize the quality prices and apply a characteristic-specific weighting factor to each of them.
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4.1 Local Housing Characteristic Shares

We compute the local shares of housing characteristics using ZTRAX data on unique houses sold
between 1994 and 2005. We divide the data associated with each house characteristic into several
categories. Building age is split into decadal bins: {pre-1939, 1940-1949, 1950-1959, 1960-1969,
1970-1979, 1980-1989, 1990-1999, 2000-2005}.° The number of bedrooms is split into the categories
{1, 2, 3, 4, 5+}. The number of bathrooms is split into the categories {0, 1, 2, 3, 4+}, where
half-bathrooms are rounded down to the nearest whole-number category. Section A of the Online
Appendix tests for the reliability of the local housing shares computed from ZTRAX data and
Section E considers a version of the Bartik instrument using only the local shares for housing age.

Because the local housing shares provide identifying information for the instrument, there must
be sufficient cross-sectional variation in these shares. Figure 2 presents the distribution of housing
age across counties in the US. For ease of presentation, we report the proportion of houses in
each county built prior to 1960, between 1960 and 1990, and between 1990 and 2005. There is
significant cross-county variation in house age. For example, counties in the North East and Mid
West have particularly high proportions of houses built prior to 1960. Counties in the South (e.g.
Texas) and also in parts of the West (e.g. Nevada and Arizona) have a relatively large proportion
of houses built in the latter half of the twentieth century. Importantly, there is variation in the
housing age distribution even within regions, notably in the Western US where inland counties
have much newer housing characteristics than the cities in the coastal states. Figures B.9 and

B.8 in the Appendix present the cross-city (CBSA) and cross-zip code distributions of housing

9This categorization broadly corresponds to the categories reported in the 2000 Census and subsequent American
Community Surveys.
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age. Across each aggregation, we find substantial variation: for example, as of 2018, the standard
deviations across counties in the proportion of homes built prior to 1960, between 1960 to 1990,

and after 1990 are 0.15, 0.08, and 0.13, compared with their means of 0.29, 0.39, 0.31.

[INSERT FIGURE 2 HERE]

4.2 Housing Quality Prices

We estimate the price of housing quality using a standard hedonic regression (Rosen, 1974),

controlling for the same housing characteristics used in constructing the local housing shares:

Pigt = ag+ q,, (b€ B) +q,, L(h € H) 4+ ¢;,1(d € D) (6)

+ Btffi + ﬁili + Mgt

where p; 4+ is the log of the real house price for property ¢ in location g, a4 is a county-specific
fixed effect, 1(b € B) is a dummy variable for the number of bedrooms, 1(h € H) is a dummy
variable for the number of bathrooms, 1(d € D) is a dummy variable for the decade in which the

t.19 We allow for time-varying coefficients in these regressions so as to capture the

house was buil
characteristic-time component g., of quality prices in Equation (3). The additional variables f;

and [; are the log of floor size in square feet and the log of property lot size in square feet.!!

10Tn keeping with the construction of Bartik instruments in the literature, the hedonic pricing regressions are
estimated using a leave-one-out procedure. For the instrument in location g, we drop all of the observations for
that location and then estimate the coefficients in (6). This ensures that housing market movements in a particular
location do not dominate the variation in its own instrument. In practice, counties are small relative to the
surrounding region so the leave-one-out procedure has virtually no effect on either the instruments or the estimated
consumption elasticities.

These house size variables are not included in the Bartik instrument since size is a continuous variable and does
not have an obvious natural categorization from which to compute local shares. However, conditioning on these
variables means that the other regression coefficients can be interpreted as the marginal price of characteristics
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Similar to Guren et al. (2020) who exploit variation in regional housing price fluctuations,
we estimate Equation (6) separately for each Census region in the US—Mid-West, North-East,
South, and West—although results are similar at the national level (see Section E of the Online
Appendix). Our hedonic regressions explain a significant proportion of cross-sectional variation
in house prices—with a median R-squared statistic of 0.6—which is important since failure to
effectively measure quality differences across locations could lead to a weak instrument.

Figure 3 shows quality price growth for houses constructed in different decades, normalized to
houses built prior to 1940 with one bedroom and zero bathrooms. The horizontal axis plots the
decade in which a house was built and the vertical axis reports housing quality price growth. We
see, for example, that in the South between 2006 and 2009, houses built in the 1950s experienced
a relative fall in price of more than 20 percent. And yet, houses in the Mid West built in the 1980s
experienced relative appreciation of roughly 12 percent during these same years. In sum, these
descriptive statistics point towards substantial variation in the price of quality changes, which will

benefit counties with larger proportions of those houses more than their counterpart counties.
[INSERT FIGURE 3 HERE]

We now evaluate the strength of the Bartik instrument. Figure 4 presents a simple binned
scatter plot of the residualized instrument against residualized house price growth, after projecting
out the exogenous variables, including all household, local, industry, and demographic controls,
together with CBSA and time fixed effects. Despite the inclusion of a large number of control
variables, there remains a tight relationship between the instrument and house prices with an

F-statistic of 44 in the strictest specification (and R-squared of 0.76).

holding size constant. For example, we find that the coefficients on the number of bedrooms are typically negative
and monotonically decreasing, suggesting an additional bedroom crowds out other living space in a house of
otherwise fixed size.
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[INSERT FIGURE 4 HERE]

4.3 Economic Intuition for the Bartik Instrument

Beyond understanding the statistical sources of variation in the Bartik instrument, it is also useful
to consider potential economic mechanisms underlying this variation. In particular, why might
the marginal prices of certain property characteristics rise and fall relative to others?

We argue that the dispersion in housing characteristics that exists across counties is largely a
function of significant investment that took place following the Great Depression. Because of the
surge in foreclosures following unemployment with roughly 50% of mortgages in delinquency as of
1934 (Emmons, 2008), Roosevelt introduced the Federal Housing Act (FHA) in 1934, encouraging
home ownership among the middle class with new protections for private mortgage companies.
While it was not until the end of World War II that many of the longer-term government-backed
mortgages became pervasive, roughly 30 million new housing units were constructed over the next
two decades, leading to a 60% home ownership rate (up from 40%) (Stone, 2006). Among other
federal policy that encouraged home ownership, such as the Housing Act of 1968 and the Emer-
gency Home Finance Act of 1970, the result was a large secondary mortgage market that continued
stimulating home ownership. In this sense, historical differences in demographics, coupled with
federal policy, created substantial dispersion in the types of housing characteristics across space.

Turning towards variation in the national price of housing quality, we argue that there are two
possible explanations. First, given that housing markets are segmented (Piazzesi et al., 2015),
buyers do not consider all houses currently on the market. Instead, buyers search along several

dimensions, ranging from geography to price to size, which can generate different price dynamics



18

for each type of house. For example, Landvoigt et al. (2015) show that initially low priced (quality)
houses in San Diego appreciated much faster during the 2000s housing boom than initially high
priced houses. In particular, they argue that lower income households were more affected by the
increase in credit supply during the housing boom, thereby creating greater demand for houses
where low income households were marginal buyers.

We compute the median prices in each tier for houses that were initially sold in 2000 and the
re-sold in each year after that. Consistent with Landvoigt et al. (2015), the upper left panel of
Figure 5 shows house price appreciation for houses that were in the bottom, middle, and top third
of San Diego houses by sale price in 2000 using data from ZTRAX. House prices in the lowest
tier were much more volatile price dynamics than in the other tiers. The remaining three panels
of the figure report the distribution of housing characteristics across these house price tiers. We
find that the lowest tier of houses are older and smaller, according to building size and number
of bedrooms. Following Landvoigt et al. (2015), as low income households bid up the price of low
quality houses during the housing boom, older and smaller houses should have appreciated more
quickly since these house characteristics are disproportionately represented amongst the lowest
quality houses. This is consistent with our results from Table F.10 in Section F of the Online

Appendix that the smallest and oldest houses drove much of the variation in the instrument.

[INSERT FIGURE 5 HERE]

Second, variation in the Bartik instrument may also be driven by changes in the purchasing
power of other types of marginal house buyers, such as residential property investors. Several
recent papers suggest that investors were especially active in housing markets with the largest

swings in house prices (Haughwout et al., 2011; Mian and Sufi, 2018). These investors appear to
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have been especially sensitive to the availability of mortgage credit, and may have contributed to
both the rise and fall in house prices. If these buyers invest in houses with particular features,
they will influence the price dynamics of those houses for which they act as marginal buyers. It is
also possible that the prices of particular houses in some housing markets are driven by variation
in demand for luxury apartments or demand from out-of-town or foreign investors (Ait-Sahalia

et al., 2004; Chinco and Mayer, 2015; Favilukis and Van Nieuwerburgh, 2017).

5 Main Results, Heterogeneity, and Robustness

5.1 Main Results

We estimate the elasticity of consumption with respect to house price growth using not only stan-
dard fixed effects and Saiz (2010) instrument approaches, but also our new Bartik-like approach
between 2005 to 2016. While our Bartik-like instrument allows for regional, rather than national,
time series variation in the price of quality changes, Section E in the Online Appendix presents
estimates using national house price growth. This interaction between the Saiz instrument and a
source of time series variation is similar to the approach in Chaney et al. (2012) and Aladangady
(2017) who both use the cross-sectional elasticities interacted with national real interest rates. All
our main results using county variation cluster standard errors at the county-level to allow for
arbitrary degrees of autocorrelation within the same location over time (Bertrand et al., 2004).
Table 2 documents our main results under various specifications. Starting with column 1, which
contains our baseline household controls and county fixed effects, we see that a 1pp rise in housing

price growth is associated with a 0.11pp rise in consumption growth. However, there are many



20

reasons that this could still be biased. In particular, we introduce time fixed effects in column 2,
which reduces the estimate to a 0.032pp increase in consumption growth. This significant decline
in the elasticity suggests that much of the variation in consumption growth over these years is
linked with the aggregate shock resulting from the financial crisis.

Turning to column 3, we now present our IV estimates, finding that 1 pp rise in housing
price growth is associated with a 0.096pp rise in consumption growth, controlling for county fixed
effects and household demographics. Column 4 introduces year fixed effects, marginally raising our
estimate. While we presented evidence earlier that our Bartik-like instrument isolates variation
in the exposure of some counties to different regional housing price trends, one of our concerns,
however, is that there are other time-varying county shocks that could be correlated with these
shares and consumption fluctuations. Column 5, therefore, introduces several local controls, such
as the unemployment rate and real per capita income. Consistent with the interpretation of our
instrument isolating plausibly exogenous variation, our estimate is unaltered.!?

Furthermore, to address the concern that local housing shares could be correlated with local
industry shares, which account for fluctuations in local demand (Mian and Sufi, 2014; Charles
et al., 2016), column 6 controls directly for time-varying changes in the industrial composition.
While our estimate declines marginally, it is not statistically different from our baseline. Motivated
by a similar concern that local housing shares are correlated with local demographic characteristics,
which could also influence consumption growth and selection into sub-prime mortgages, column
7 controls for local demographic characteristics, ranging from race to education to the foreign-
born population. Finally, column 8 incorporates each of these local business cycle, industry, and

demographic controls, suggesting that a 1pp rise in housing price growth is associated with a

12Gee Section D in the Online Appendix for details on these variables.
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0.123pp rise in consumption growth. The robustness of our estimates amid these comprehensive

and time-varying controls helps assuage concerns about omitted variables bias.

[INSERT TABLE 2 HERE]

We now compare these estimated elasticities with those obtained under alternative identifica-
tion strategies introduced in recent literature. Table 3 documents these results. Column 1 begins
with the baseline from our previous IV results, including all our controls and county and year fixed
effects. Column 2 instruments for housing price growth using the Saiz (2010) housing supply elas-
ticity. Similarly, Lutz and Sand (2017) instruments using their refined measure of land availability
on a broader set of geographies. In both cases, however, the elasticity on housing price growth is
nearly twice as large and statistically insignificant except for Lutz and Sand (2017) at the 10%
level. These cross-sectional identification strategies can produce upwards biased estimates because
they primarily exploit variation arising from aggregate fluctuations in consumption and housing
prices. These fluctuations, however, are correlated with many other factors, including local shocks
to economic activity and other aggregate factors.

Turning to column 4, we present the estimates obtained from the IV strategy introduced by
Aladangady (2017) who interacts changes in the interest rate with the housing supply elasticity.
Although this approach allows us to include county fixed effects, and it improves upon the standard
Saiz (2010) approach, it still is subject to upwards bias since there are many other aggregate factors
present that are correlated with movements in the real interest rate, particularly during the panic
(Bernanke, 2018). Turning to column 5, we now interact regional housing price growth with the
Lutz and Sand (2017) land availability instrument, allowing us to introduce both county and

year fixed effects. Consistent with our concern that failure to include both county and year fixed
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effects biases the elasticity upwards, we find a much lower elasticity: a 1pp rise in housing price
growth is associated with a 0.067pp increase in consumption growth, which is roughly 20% of the
cross-sectional elasticity. The elasticity rises to 0.131pp when we introduce local business cycle,
demographic, and industry controls, consistent with the presence of reverse causality, but the
elasticity is now only statistically significant at the 10% level.

In column 7, we finally turn towards a novel IV strategy introduced in recent work by Guren
et al. (2020) who exploit variation in regional housing price growth interacted with the housing
supply elasticity. Unlike the standard approach, however, they control for the sensitivity of local
retail employment to regional retail employment, which addresses some of the concerns by Davidoff
(2016). Here, we find that a 1pp rise in housing price growth is associated with a 0.037pp rise in
consumption growth. However, once we add our baseline local demographic, business cycle, and

industry controls in column 8, the statistical and economic significance vanishes.

[INSERT TABLE 3 HERE]

It is also possible to express these elasticities in terms of marginal propensities to consume out
of housing wealth.'® The marginal propensity to consume non-durables out of housing wealth is
0.800 to 1.025 cents in the dollar. Note that this compares to other recent MPC estimates for
non-durable consumption of 1.6 cents (Mian et al., 2013), and estimates for total consumption of

2.8 cents (Guren et al., 2020), 4.7 cents (Aladangady, 2017), and 5.4 (Mian et al., 2013).

13We follow a convention in the literature that makes use of the fact that the MPC is equal to the elasticity
of consumption multiplied by the consumption-to-housing wealth ratio. We take consumption to be aggregate
expenditure on non-durable goods (FRED code: PCND) and housing wealth is the market value of owner-occupied
real estate (FRED code: HOOREVLMHMYV). The average ratio from 2000 to 2016 is 0.12. Note that the ratio for
aggregate total expenditure (less housing and utilities) is 0.45.
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5.2 Heterogeneous Treatment Effects

We now turn towards potential heterogeneous treatment effects, allowing for differences in indi-
vidual age, boom/bust periods, and zipcode borrowing constraints, home ownership, and retail
employment. Table 4 documents our results under our baseline specification.

We replicate our baseline estimate in column 1 for comparison. Column 2 allows for hetero-
geneity across the age distribution. We see that the elasticity is roughly five times as large for
those under the age of 40 than those over the age of 60—that is, a 0.30pp increase in consumption
growth versus a 0.06pp increase for a corresponding 1pp rise in housing price growth. While our
larger consumption elasticity for the young contrasts with some prior literature on housing wealth
effects (Campbell and Cocco, 2007; Buiter, 2010), it is consistent with age-dependent collateral
effects. In particular, since younger home owners have larger mortgages and higher LTV ratios,
the value of their equity is more sensitive to movements in house prices. This is also consistent
with recent evidence from Wong (2020) that younger households adjust their consumption more
in response to monetary policy shocks likely because they are first-time home buyers.

Turning to column 3, we allow for heterogeneity in LTV ratios based on a large macroeconomic
literature showing that housing prices and household responses are sensitive to the terms of financ-
ing mortgage debt—for example, whether the mortgage debt is collateralized against the value of
their house (Mian et al., 2013; Aladangady, 2017). In these cases, increases in housing prices mean
that households with previously high loan-to-value (LTV) ratios may borrow more, and perhaps
borrow more cheaply (see Cloyne et al., 2019), at the new, lower LTV ratio. The increase in house
prices can then relax borrowing constraints for the household, which induces larger changes in

consumption expenditure than in comparison to households who are not constrained.
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Unfortunately, the Consumer Panel does not report household asset or debt positions, so we
cannot directly observe borrowing constraints. However, the transactions data in ZTRAX reports
both house prices and mortgage sizes at origination, allowing us to compute average LTV ratios
for mortgages at origination by zip code during the 2004 to 2006 housing boom. We assume that
average LTV ratios at mortgage origination during this time are a good proxy for overall LTV
ratios because many households bought houses or refinanced mortgages during the boom period.
We split the sample of homeowner households into those living in zip codes with an average LTV
at origination above 0.8 (high LTV) and below 0.8 (low LTV). New mortgages with LTV ratios
above 0.8 have more stringent borrowing requirements if insured by GSEs and often required by
lenders to have additional private mortgage insurance. This suggests that households with LTVs
in this range are more likely to face borrowing constraints than their counterparts below 0.8.

We test this hypothesis by interacting housing price growth with a dummy variable for house-
holds in zip codes with average LTV ratios above 80 percent. Consistent with our age-dependent
effects in column 2, we find that the consumption of households in zip codes with high LTV ratios
is twice as sensitive as the consumption of households in zip codes with lower average LTV ratios.
Moreover, our finding that consumption is more elastic to housing price fluctuations is in line with
the results from Mian et al. (2013) and Aladangady (2017).

Do our results simply reflect aggregate fluctuations in the housing market and in consumption
expenditures during the apex of the financial crisis? To investigate, column 4 interacts an indicator
for the 2006 to 2009 time period. However, we find no evidence of heterogeneous treatment effects
during these years—our estimate is slightly negative, but very statistically insignificant.

We were also concerned that our results could reflect the effects of spatial spillovers arising

foreclosures, which could affect local economic activity directly through housing prices (Anenberg
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and Kung, 2014; Gupta, 2019) or through a spike in local uncertainty (Makridis and Ohlrogge,
2019). Although our sample is already restricted to a set of home owners, we furthermore allow for
heterogeneity among zipcode that have above the median share of home owners, finding no evidence
of heterogeneous treatment effects. Similarly, given the tight connection between employment in
the non-tradables sector and housing market (Mian and Sufi, 2014), we also allow for heterogeneity
in the employment share of retail. Again, we find no evidence of heterogeneous treatment effects.
These results provide additional confidence that we are detecting a causal effect of housing price

growth on consumption, rather than local spillovers or spatial externalities.

[INSERT TABLE 4 HERE]

5.3 Robustness

We have investigated a wide array of robustness exercises that give us confidence that our newly-
formed instrument is not only relevant, but also valid from the perspective of its exclusion re-
striction. We summarize these exercises here. First, we begin with an alternative formulation
of our instrument using variation in the sharing of different housing characteristics down to the
zipcode-level. Table E.8 in Section E of the Online Appendix documents these results. In addi-
tion to delivering almost identical elasticities, this formulation of the instrument also allows us
to introduce county X year fixed effects. This specification isolates variation unique to the same
zipcode over time, controlling for all shocks that are common to the county over time, eliminating
the concern that labor market shocks are correlated with fluctuations in the housing market (Mian
and Sufi, 2014).

Second, we present three alternative constructions of the Bartik instrument. One concern is
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that the number of bedrooms or bathrooms is endogenous to economic activity. If, for example,
an unobserved productivity shock to a location raises the demand for renovation, then changes in
the price of those houses could be linked with consumption growth in a location. We also consider
a formulation of our instrument where we draw upon information about the size of the home,
allowing for differences in square footage and the price associated with these types of homes. We
re-estimate Equation 3 allowing for these additional dimensions of heterogeneity, combined the
the county housing shares for these housing characteristics. Finally, we also investigate whether
our results are sensitive to using regional versus national prices of housing quality from Equation
3.

Table E.9 in Section E of the Online Appendix documents each of these results. We find
nearly identical results when we construct the instrument using only variation in housing shares
emerging from the age of the structure (i.e., excluding number of bedrooms and bathrooms). We
also find a slightly larger elasticity of 0.14 when we allow for additional variation in the size of the
home. Finally, while our baseline specification is qualitatively robust to using the national, rather
than regional, price of housing quality, the elasticity declines to 0.046 and becomes statistically
insignificant. This, however, is not surprising given that we are already controlling for demographic
x year fixed effects in our preferred specification as suggested by Goldsmith-Pinkham et al. (2018),
eliminating variation that is purely national (e.g., evident in a low F-statistic).

Finally, we follow Goldsmith-Pinkham et al. (2018) in recasting the Bartik instrument as an
over-identified GMM estimator where the local shares are treated as a set of individual instruments
under a particular weighting matrix. Goldsmith-Pinkham et al. (2018) refer to these as Rotemberg
weights following Rotemberg (1983). Section F of the Online Appendix describes our construction

of these weights and provides a detailed explanation of the results. In brief, we find that the bulk
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of the weight is concentrated in the West and between the bust years of 2008 to 2009 and the

recovery years of 2013 to 2015.

6 Conclusion

There is now a general understanding that housing price fluctuations have causal effects on con-
sumption expenditures. However, these estimates have been tough to estimate because of time-
varying shocks that jointly affect consumption and the housing market. We introduce a new
Bartik-like instrument that exploits plausibly exogenous variation in the pre-existing housing char-
acteristics, such as the age and number of bedrooms, within a location to time-varying aggregate
trends in the price of these housing characteristics. Our results suggest that a one percentage point
rise in housing price growth is associated with a 0.10-0.15 percentage point rise in consumption
growth, implying a marginal propensity to consume of 1.2-1.8 cents on the dollar.

Our empirical approach offers two important advantages over existing methods that rely on,
for example, the Saiz (2010) elasticity of housing supply. First, we have a larger sample of coun-
ties. Second, we obtain exogenous variation in housing price growth over time. Third, and most
importantly, our exclusion restriction is more credible, especially in light of recent concerns about
demand-side factors that are correlated with the housing supply elasticity (Davidoff, 2016). Our
paper provides users with a new instrument for estimating the causal effect of housing price growth

on a wide array of economic outcomes, ranging from household consumption to firm investment.



Tables and Figures

Figure 1: Investigating the Persistence
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of Housing Structure Types

Panel B: Built 1939 <t <1960
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Notes.—Source: Decennial Census (2000) and American Community Survey (2014-2018). The figure plots the relationship between the
share of homes built before 1940, between 1940 and 1959, between 1959 and 1979, and between 1980 and 1999 based on an extraction

of the 2000 Decennial Census and the 2014-2018 ACS.



Table 1: Correlations of local characteristic shares and local demographics

Years built

pre- 1940- 1950- 1960- 1970- 1980- 1990- 2000-

1940 1949 1959 1969 1979 1989 1999 2005
Frac. owner occupied -0.4 -0.21 -0.15 -0.06 0.23 0.06 0.36 0.29
Frac. College or more -0.24 -0.13 -0.03 0.08 0.16 0.26 0.23 0.0
Frac. white -0.19 -0.27 -0.24 -0.16 0.14 0.0 028 0.27
Frac. black 027 024 017 0.09 -0.28 -0.11 -0.27 -0.21
Frac. Hispanic -0.13  0.04 0.11 0.04 0.07 0.15 -0.02 -0.01
Frac. foreign born 0.08 0.12 019 0.13 0.04 0.11 -0.18 -0.24
Median age 0.06 -0.05 -0.04 0.03 0.1 006 -0.08 -0.1
Mean household size  -0.24 -0.01 0.08 0.05 0.13 0.09 0.14 0.07
Mean commute time 0.18 0.02 002 -0.02 -0.12 0.06 -0.11 -0.12

29

Notes: Correlation between county shares for housing characteristics and county demographics from the 2000 Census. Correlations
computed for 1674 counties, weighted by Census population counts.
Sources: Author’s calculations using 2000 Census, ZTRAX.
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Figure 2: Distribution of Housing Age Across Counties
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Notes.—Source: Zillow. The heat map shows the within-county proportion of all unique houses sold between 1994 and 2005 that
were built before 1960, between 1960 and 1990, and between 1990 and 2005 for the 1283 counties that have at least 100 individual
transactions of unique houses from 1994 to 2005.
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Figure 3: Change in Marginal House Prices, By Housing Age
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Notes.—Source: Zillow. The figure plots the change in marginal house prices corresponding with the decade of house construction.
The coefficients are obtained from the regressions estimated in Equation 6. Growth rates are interpreted as the marginal price changes
for a house with the given characteristic relative to a house built prior to 1939, with one bedroom, and zero bathrooms. Growth rates

are calculated for 2006-2009, 2009-2012, and 2012-2015.
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Figure 4: First Stage Effect of Bartik Instrument on House Price Growth
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Notes.—Source: Zillow. The figure plots the residualized Bartik instrument and county house price growth, representing the first stage
regression. The residualized variables are constructed using the same household-level data and include the full set of controls as in the
IV estimation of the consumption elasticities. See Appendix D for a list of control variables. The value of the Bartik instrument is split
into equal sized bins, where the mean of the instrument and house prices is computed for observations falling within each bin. The red
dashed line plots the first stage regression coefficient on the Bartik instrument.
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Figure 5: Prices and Characteristics of Houses in San Diego by 2000 Price Tier
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Notes.—Source: Zillow. The top left panel plots the median price for each tier based on houses sold repeatedly after 2000. The top
right panel plots the distribution of housing structure ages for each of the three tiers. The bottom left panel plots the distribution
of housing structure size (in square feet) for each of the three tiers. The bottom right panel plots the distribution of the number of

bedrooms for each of the three tiers.
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Online Appendix (Not for Print)

A Supplement to Data and Measurement

A.1 Data Dictionary

This section documents the sources of data used in the paper.

e Panel consumption data comes from the Nielsen Consumer Panel Data survey made available
by the Kilts Center at Chicago Booth. This data is proprietary and is typically available only
by institutional subscription. See the Kilts Center website for more information regarding

access: https://research.chicagobooth.edu/nielsen/.

e The individual housing transaction data comes from Zillow’s Assessment and Transaction
Database (ZTRAX). This data is proprietary, but is available from Zillow by request. For

information regarding access, contact see http://www.zillow.com/ztrax.

e Annual county house price indexes are publicly available from the Federal Housing and Fi-
nance Agency at https://www.fhfa.gov/DataTools/Downloads/Pages/House-Price-Index-Datase

aspx.

e Additional house price indexes for zip codes, counties, and metropolitan areas (CBSA) are

publicly available from Zillow at https://www.zillow.com/research/data/.

e The consumption price index is the monthly seasonally adjusted CPI-U for all items. This

is available from FRED at https://fred.stlouisfed.org/, using code CPIAUCSL.


https://research.chicagobooth.edu/nielsen/
http://www.zillow.com/ztrax
https://www.fhfa.gov/DataTools/Downloads/Pages/House-Price-Index-Datasets.aspx
https://www.fhfa.gov/DataTools/Downloads/Pages/House-Price-Index-Datasets.aspx
https://www.zillow.com/research/data/
https://fred.stlouisfed.org/
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e Zip code level income is retrieved from the IRS Statement of Income (SOI) statistics at

https://www.irs.gov/statistics/.

e County unemployment data is from the Bureau of Labor Statistics, available at https:
//www.bls.gov/lau/data.htm. Python code to clean this data is available at Github:

https://github.com/jagman88/Clean-BLS-County-Level-Employment-Data.

e 7Zip code and county level demographic characteristics are retrieved from 2000 Census, avail-

able at https://factfinder.census.gov/.

e County employment by industry is in the County Business Patterns data, available at https:

//www.naics.com/business-1ists/counts-by-naics-code/.

e Zip code, FIPS (county) code, and metropolitan area (CBSA) cross-walk information is re-
trieved from the Department of Housing and Urban Development at https://www.huduser.

gov/portal/datasets/usps_crosswalk.html.

e Cartographic boundary files (i.e. TIGER shape files) used in the construction of maps are

available from the Census Bureau at https://www.census.gov/geo/maps-data/.

e Additional figures use data from the Survey of Consumer Finances, available at https:
//www.federalreserve.gov/econres/scfindex.htm. Other data comes from the Current

Population Survey, available via IPUMBS at https://cps.ipums.org/cps/.

A.2 ZTRAX House Price Data

Each transaction in ZTRAX contains information on the characteristics of the property and the

sale including date of sale, property type, sale type, buyer type, and so on. We aim to work with


https://www.irs.gov/statistics/
https://www.bls.gov/lau/data.htm
https://www.bls.gov/lau/data.htm
https://github.com/jagman88/Clean-BLS-County-Level-Employment-Data
https://factfinder.census.gov/
https://www.naics.com/business-lists/counts-by-naics-code/
https://www.naics.com/business-lists/counts-by-naics-code/
https://www.huduser.gov/portal/datasets/usps_crosswalk.html
https://www.huduser.gov/portal/datasets/usps_crosswalk.html
https://www.census.gov/geo/maps-data/
https://www.federalreserve.gov/econres/scfindex.htm
https://www.federalreserve.gov/econres/scfindex.htm
https://cps.ipums.org/cps/
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a consistent data set containing typical property transactions conducted by residential owner-
occupiers. To this end, we carry out the following cleaning procedure.

We restrict the data to housing transactions made at arm’s-length and when not sold due
to foreclosure. This removes all distressed sales, and all transactions with builders, developers,
or real estate agents on either side of the transaction. We restrict properties to those that are
are non-commercial, and that are either single family residences or owner-occupied properties.
This latter restriction allows me to include properties that are apartments, as long as they are
owner occupied (i.e. not sold by a landlord). This is important in cities like New York where
a significant proportion of the owner-occupied housing stock consists of apartments. We also
focus only on property transactions with non-zero sales prices, thereby removing all mortgages,
mortgage refinancing, and transfers or gifts. We exclude transactions that may have been subject
to ‘house flipping‘, thereby distorting the market value of the house. To do this, we remove any
house sale that occurs within 180 days of a prior sale of the same house. Additionally, we remove
transactions with a sale price of less than $10,000 as well as those with no reported transaction
date. We exclude houses with no recorded build year (i.e. no known age of the building), no
reported floor size, and no reported zip code.

The ZTRAX data is held in state-level files, each of which contains the entire set of property
characteristics and transactions for that state. Three states — Rhode Island, Tennessee, and
Vermont — have various missing data in the ZTRAX database, and are excluded from the analysis.
For several other states, non-mandatory disclosure and outright prohibitions on the reporting of
transactions prices mean that a very large proportion of transactions feature sales with prices

reported as zero or missing.!* For these states, property deeds and assessment records may still

14See http://www.zillowgroup.com/news/chronicles-of-data-collection-ii-non-disclosure-states/


http://www.zillowgroup.com/news/chronicles-of-data-collection-ii-non-disclosure-states/
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be reported to the ZTRAX database. We collect data on housing characteristics for these states,
but we cannot use the transaction data on sales prices.'® Instead, for these states we use publicly
available, geographically aggregated Zillow house price indexes. After data cleaning, there are 55

million individual transactions available between 1994 and 2016.

A.3 Consumer Panel Data

Table A.5 reports household summary statistics from the Consumer Panel. Notice that average
consumption is much lower than average income, which is because only non-durable expenditure
is surveyed. Table A.6 reports several demographic summary statistics. In comparison with data
from the Current Population Survey (CPS) over the same sample period, the Consumer Panel has
a similar proportion of households whose heads have attended college, are not in employment, and
are homeowners. Additionally, we report the proportion of households that have moved in the
past year across zip codes, counties, or states. Relative to the CPS, households are similarly likely
to have moved across states, about half as likely to have moved across counties (not including
cross-state moves), and less than a third as likely to have moved across zip codes (not including
cross-county or cross-state moves). Since households are less likely to move than typical households
in the population, they may experience greater consumption sensitivity with respect to house prices
than the typical household in the population. For this reason, in the empirical analysis, we restrict
households to those that do not move during the sample, and so all results should be interpreted
as consumption responses to a house price change for non-moving households.

While home ownership is not directly reported in the Consumer Panel, we follow Stroebel and

for more details.
15The states with large numbers of missing transaction data are: Alaska, Idaho, Indiana, Kansas, Maine, Mis-
sissippi, Montana, New Mexico, Texas, Utah, and Wyoming
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Table A.5: Household summary statistics, Neilsen Consumer Panel

Income Expenditure Age Family Size

Mean  $ 68,141 $ 7489 53 2.6
Median $ 59,999 $ 6,317 52 2.0
StdDev  $ 42,330 $4.806 15 1.5

Notes: Means, medians, and standard deviations computed using Consumer Panel survey weights. Income is the households income
two years prior to the panel year, and is recorded categorically. Income statistics are computed using the upper bound of each category.
Expenditure is total nominal household consumption expenditure within the panel year. Age is computed using the male household
head, or the female household head if no male head is reported. Family size is the number of family members reported to live in the
household. Sources: Authors calculations using ZTRAX.

Vavra (2014) who infer ownership status household residence type. Households report whether
they live in a one-, two-, or three-family dwelling, and also whether the house is a condo or
co-op. Single-family, non-condo/co-op residences are assumed to be inhabited by homeowners,
with remaining households assumed to be renters. The average sample weighted-proportion of
households living in single-family homes is 0.75, and does not change significantly over the sample.
From 2004 to 2015, the home ownership rate for the US as a whole fell from 69 percent to 64
percent.'® The second panel of Figure A.6 in the Appendix reports the age profile of home
ownership, which reveals that implied home ownership rates are overstated by between 15 and 30
percentage points for young households relative to data from the SCF. Implied home ownership
rates for older households are very similar to those reported in the SCF. For most of the empirical
results, we make use of the sample of implied home owners only.

Table A.7 reports the number of panelists in each year, as well as the proportion of panelists
remaining in the panel 2, 3 and 5 years after observing them in a given year. From 2006 to 2007 the
size of the panel increases substantially, from 37,786 to 63,350. Attrition rates in both the short
and medium term do not vary substantially over time and appear to be relatively low. The average

proportion of panelists remaining after 2, 3, and 5 years is 0.81, 0.68, and 0.52, respectively.

Home ownership rates for the United States are from FRED (code: USHOWN).
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Table A.6: Demographics, Neilsen Consumer Panel

Non- Home Moved Moved  Moved
College Employed Owners Zip code County State

Neilsen 0.420 0.190 0.749 0.021 0.012 0.012
CPS 0.421 0.242 0.686 0.078 0.023 0.017

Notes: Computed using survey-weighted averages in the Neilsen Consumer Panel and the Current Population Survey (CPS) for the
period 2004-2015. In the Neilsen data: college is computed using the male household head, or the female household head if no male head
is reported; non-employed is computed using only households with a male head aged between 18 and 65; homeownership is computed
following Stroebel and Vavra (2014), where a household is considered a homeowner if they report living in either a one-family house or
a one-family condo or co-op. In the CPS, college is computed for the whole population, and non-employed is computed for men aged
between 18 and 65. The final three columns report average proportion of households moving across zip codes (within counties in the
CPS), moving across counties, and across states.

Sources: Authors calculations using Neilsen Consumer Panel, CPS.

Table A.7: Number of panelists, Neilsen Consumer Panel

Year Number Panelists Remain, 2 years Remain, 3 years Remain, 5 years

2004 39577 0.79 0.64 0.51
2005 38863 0.78 0.69 0.53
2006 37786 0.85 0.73 0.55
2007 63350 0.79 0.66 0.47
2008 61440 0.80 0.65 0.48
2009 60506 0.77 0.64 0.50
2010 60658 0.78 0.67 0.52
2011 62092 0.82 0.71 0.55
2012 60538 0.82 0.70 0.55
2013 61097 0.82 0.70 ——
2014 61557 0.82 0.71 ——
2015 61380 0.83 —— ——
2016 63150 —— —— ——

Notes: The first column reports the number of unique panelists per year. The remaining columns report the proportion of unique
panelists remaining in the panel for 2, 3, and 5 years.
Sources: Authors calculations using Neilsen Consumer Panel.

Figure A.6 presents the age profile of CPI-deflated consumption expenditure and the home-
ownership rate. Total household expenditure follows a well-known hump-shaped pattern over the
life-cycle. Consumption expenditure for homeowners does not differ markedly from the average

household. Household expenditure per person also follows a hump shape, although the initial rise
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Figure A.6: Consumption and Homeownership Over the Life Cycle
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Notes: Consumption and homeownership rates in the Nielsen data are pooled across all years by age group. The left panel plots total
household consumption for all households (blue, solid line), total household consumption for all (implied) homeowners (red, dash-circle),
and total household consumption normalized by the household size (green, dashed line). Consumption values are reported in real, 2009
dollars. The right panel plots homeownership rates in the Nielsen data (blue, solid line), the 2004 SCF (red, dash-circle), and the 2016
SCF (green, dashed line).

Source: Author’s calculations using Nielsen Consumer Panel, Survey of Consumer Finances.

Figure A.7: Per Capita Non-Durables Consumption Growth
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Notes: Annual nominal non-durable consumption growth per capita in the Nielsen Consumer Panel and national accounts data. The
solid blue line is the growth rate in the survey-weighted average of total consumption-to-household size. The dashed blue line is
the growth rate in the survey-weighted average of total consumption-to-household size for households that remain in the panel for
consecutive years. The solid red line is the growth rate in non-durable personal consumption expenditures-to-population. The dashed
red line is the similar, but using non-durable personal consumption expenditure for all goods minus non-durable personal consumption
expenditure for gasoline and other energy goods. Shaded area represents recession dates.

Source: Author’s calculations using Nielsen Consumer Panel, NIPA via FRED.
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in expenditure occurs later than for total household expenditures.

Figure A.7 shows the annual growth rate of nominal non-durable consumption per capita for
the Nielsen data and for data taken from the personal consumption expenditures section of NIPA.
Growth rates are computed from the Consumer Panel data first by computing the growth rate in
the survey-weighted average of total consumption-to-household size for all households in the panel.
Because of possible selection effects arising from panelist attrition, we also compute the growth
rate in the survey-weighted average of total consumption-to-household size for households that
remain in the panel for each pair of consecutive years. For national accounts data, growth rates
are computed as non-durable personal consumption expenditures-to-population, and non-durable
personal consumption less energy expenditures-to-population. The patterns of growth rates in
non-durable consumption for the Consumer Panel and national accounts data are similar, with

the notable exceptions of 2005 and 2012.

B Bartik Instrument Characteristics and Quality Prices



49

Figure B.8: Distribution of Housing Age Across Cities

(a) Proportion Built Prior to 1960

Notes: Maps show the proportion of houses built in three different year groups for each CBSA. Maps show 429 CBSAs for which there
are at least 500 individual transactions of unique houses from 1994 to 2005. These CBSAs contained 80 percent of the US population
in the 2000 Census.

Sources: Author’s calculations using ZTRAX.



Figure B.9: Distribution of Housing Age Across Zip Codes
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Notes: Maps show the proportion of houses built in two different year groups for each zip code within a city. Maps show zip codes for

which there are at least 50 individual transactions of unique houses from 1994 to 2005.
Sources: Author’s calculations using ZTRAX.
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C Details of Bartik Instrument Construction

In order to compute the local housing characteristic shares, we use data on unique houses reported
in ZTRAX. Because the sample period for the main empirical analysis is 2005-2016, we construct
the local shares for a pre-sample period: 1994-2005. We include 2005, because housing data for
some locations is not available in ZTRAX prior to 2005. However, the results of the analysis are
not quantitatively affected by excluding these locations and ending the pre-period in 2004.

The set of housing characteristics used to construct instruments are: house age, building
floor size, property lot size, number of bedrooms, and number of bathrooms. There are many
other housing characteristics described in ZTRAX, however many of the fields containing this
information are not broadly populated. Moreover, several important fields, such as total number
of rooms, are not reported consistently across the data set. For example, in an unreported exercise,
we found that the average number of rooms computed from ZTRAX was extremely inconsistent
with the average number of rooms computed from the 2000 Census. One reason for this is that a
‘room’ is not easily defined, leading to variation in reports from assessors. Other variables, such
as floor size, number of bedrooms, number of bathrooms, or property age are much better defined,
and so likely to reflect higher quality data.

We assume that the houses transactions recorded in ZTRAX reflect a random sample of the
existing housing stock. However, there could be a selection bias in this measure if, for example,
lower quality houses tend to sell less often (i.e. a classic ‘lemons’ problem). In order to investigate
whether selection bias is a problem, Panel A in Figure C.10 compares the proportion of the
housing stock built during different periods of the 20th century for each county according to

the data from the 2005 American Community Survey and the data derived from transactions
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in ZTRAX.'" We present population weighted scatter plots against the 45-degree line reflecting
perfect correlation between the two measures. For most year groups, the data like close to the
45-degree line, indicating that the ZTRAX data does not generally over- or under-sample housing
age. Although the fraction of houses built in the 2000s is somewhat overstated in the ZTRAX
data, this is likely attributable to the fact that a higher proportion of all new houses are sold at
any given time than the proportion of old houses sold.

Panel B in Figure C.10 reports a similar exercise but for number of bedrooms. There appears to
be systematic mis-reporting of the share of houses with zero bedrooms, although the proportion of
houses with 2-3 or 4 or more bedrooms appears to reasonable. For this reason, we exclude houses
reporting zero bedrooms from the analysis.'® Additionally, Section E considers a version of the

Bartik instrument using housing age as the only house characteristic.

1"The year groups are selected to correspond to the categories reported in the ACS.
18This is approximately 16 percent of the sample. Despite the apparent measurement error, the main results are
unaffected if include these zero bedroom houses.
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Figure C.10: Local House Characteristic Shares in ZTRAX and 2005 ACS
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the housing stock as reported in the ACS. The black dashed line is the 45 degree line.

Sources: ACS, ZTRAX
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D Control Variables in Regression Specifications

Household controls: All household controls are reported in the Consumer Panel. The controls
refer either to the head of household, or apply to the household as a whole. When a household
reports two household heads, we use information from the head male. Controls include: real
household income growth, age, the square of age, the change in household size, an indicator
variable for the presence of children, marital status, race, an indicator for Hispanic or Latino
origin, occupation, education. Household income is reported as for the year two years prior to
the current panel date. Income is reported as a categorical variable. In order to construct income
growth, we record current income as the value assigned to the upper boundary of the current
income category. Income is then deflated by the CPI, before the annual growth rate is computed.

Fixed effects: County fixed effects are included in all specifications. Some specifications
include year fixed effects. Early versions of this paper used CBSA fixed effects.

Local business cycle controls: Zip code-level real income growth from the IRS SOI data,
and county-level unemployment growth from BLS data. These data are reported annually.

Local industry composition controls: All industry controls are annual time series from
the County Business Patterns survey. For each county, we take the total number of employees in
a given industry, and divide by total employment in that county. We use employment shares for
the following industries: agriculture, construction, manufacturing, retail trade, and finance/real
estate/insurance (FIRE).

Local demographic controls: All demographic controls are county-level observations from
the 2000 Census (i.e. a single cross-section of observations). The demographic controls reported as

a proportion of the local population are: race=white, race=black, Hispanic ethnicity, foreign-born,
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those with at least some college education, homeowners. Other demographic controls are: median
age, mean household size, mean travel time to work. Each demographic variable is interacted with

year-dummy variables, as suggested by Goldsmith-Pinkham et al. (2018).

E Robustness to the Bartik Instrument

While the main text provides a summary of our robustness exercises, we now discuss them in
greater detail. We begin by reporting the results associated with an alternative formulation of
the Bartik instrument using variation in housing shares at the zipcode-level, rather than the
county-level. Table E.8 documents these results. Interestingly, we find nearly identical results.
Our OLS estimates, like before, are marginally lower than the IV results. The fact that our
IV estimates are slightly larger suggests that reverse causality is a larger concern than omitted
variables, at least given the presence of our other controls. If we do not include our controls, we
find further evidence of upward bias. Under our preferred specification in column 8, we find that
a 1pp rise in housing price growth is associated with a 0.11pp rise in consumption growth. This
is robust to controlling for county x year fixed effects, which controls for potential time-varying

labor market shocks to the same county that could be correlated with the housing market.
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We also experiment with additional constructions of our Bartik instrument. One concern is
that the number of bedrooms or bathrooms is endogenous to economic activity. If an unobserved
productivity shock to a location raises the demand for renovation, then changes in the price of
those houses could be linked with consumption growth in a location. We estimate the housing
quality prices from the hedonic price regression (6) as before. This ensures that the estimated
marginal prices of house age are conditional on the other house characteristics. However, we then
construct the Bartik instrument using only the local shares and quality prices for house age.

We also consider a formulation of our instrument where we draw upon information about the
size of the home, allowing for differences in square footage and the price associated with these
types of homes. Since fluctuations in house prices might be driven by fluctuations in the value of
land, the exclusion of these characteristics might needlessly tie our hands for causal inference.!”
To construct this version of the instrument, we first compute the median log-floor size and median
log-lot size for each location. Like before, we estimate Equation (6) to form the quality prices.

However, now the hedonic price regression coefficients on the house size variables enter the Bartik

instrument. We rewrite the instrument as:

Bg,t - Z Z )\zychtil,t + /"ngqu}vt + Ng’lAqli’t7 (7>

where g ¢ and p,; are the local median log-floor size and log-lot size. This version of the in-
strument is not a standard Bartik instrument since the additional size variables do not reflect

the typical shift-share construction. However, a similar intuition is retained in that locations with

190n the other hand, one reason not to include size variables in the instrument is due to a concern house price
variation associated with fluctuations in land prices is likely to be correlated with both local and aggregate business
cycle variation that drives household consumption. Including these variables in the instrument risks re-introducing
endogenous variation in house prices.
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larger houses on average should experience faster house price appreciation when the marginal price
per square foot of floor or lot increases.

Table E.9 documents all these results. In brief, we see large similarities with our baseline
results (reported in columns 1 and 2 for convenience). For example, omitting bedrooms and
bathrooms from our instrument does not alter our elasticity (see columns 3 and 4). Moreover,
adding size only marginally increases our elasticity estimates from 0.12 to 0.14. We interpret these
results as evidence that our measurement of the local housing structure shares captures plausibly
exogenous variation in the exposure to regional housing price shocks. Finally, columns 7 and
8 present estimates using only national variation. Not surprisingly, our first-stage significance
declines considerably and our statistical significance in the second-stage vanishes given that we
already include demographic x year fixed effects. Moreover, since Guren et al. (2018) use regional
housing price growth, we do not view these results as a disadvantage of our approach, but rather

a feature of the rigorous specifications we are already subjecting on our data.



59

'seo11d O19SLI9)0RIRYD JUISNOY Ul UOIJRIIRA ‘[RUOISSI URY) I9()el ‘[eUoljeu
JO 9ST saYBRW JRY) JUSWINIISUI I1Ied 91 JO UOISI9A ® asn () pue () suwnjoy) °solsliojorieyd 3UISNOY S 9ZIS 10] PU® 9ZIS I0O]) JO SAINSLIW SNONUIIU0D SPPe 1R[] JUSWNIISUL
JIpreq 9Yj} JO UOISIOA POpU9a)Xe ue asn (9) pue (g) suwnjo) -dIjstuIojoereyd o8e Jursnoy oyj sjro[dxs A[UO 4Ry} JUSWNIISUL HI1Ieg 977 JO UOISI9A POIOLIJsaI ® asn () pue (g)
SUWN{oy) “1X9) 9} Ul PAQLIIS|P JUSWNISUI {I1Teg] dUI[esk(] d) asnh (g) pue (T) suWN[o)) '$109]Jo poXy Iead pue Ajunod pue ‘s[o1juod orgderSoursp Lunoos ‘s[oIjuod uoryisoduwrod
A1psnpur £3unood ‘s[oIjU0d 9[DAD SSAUISTI( AJUNOD ‘S[OIJU0D P[OYSSNOY UO [RUOIIIPUOD ‘Xopul Y IHJ oY) Wol] y1mo1s oo11d 3uisnoy I1eok-0)-1eod £junod uo (IJD oY) Sulsn pajepop)
sernjipuedxe worjdwNSUod 9[qeINP-UOU Ul YIMOIS Ie9K-0)-1edA [9AS[-P[OYISNOY O} [IIM PIJRIDOSSE SHULSIDYe0d oY) sirodar a[qe) oy ], "XVH.LZ MO[[IZ ‘UaspIN ‘(IQS) owoduf
Jo so19s191G (SYI) 991ATeg onueady [eurequ] ‘(VIHJ) Aoue8y eoueur Suisnol [eiepoq ‘(JgD) sulejjed ssouisng Ajunoy) ‘(gryg) soIsijels Ioqer] Jo neaing :S9dINog—sojoN

10°0 10°0 10°0 10°0 10°0 10°0 10°0 10°0 paxenbs-y pojsnlpy
€L0 89'T QL Le 16°97 L0'8¢ cLgL - - o1sIIR)S-

A A A A A A A A CRELEIN

A A A A A A A A Hd Ayunop)

A N A N A N A N oryderdotwa ]

A N A N A N A N Anysnpup

A N A N A N A N [ed0]

A A A A A A A A proyesnoy
Si[oNtilielg)

20g'T L0T'T 20T'T L0T'T 20T'T L0T'T 20g'T L0T°T So1punoy)

£6£°99 L6799 €6£°99 L6799 €6£°99 L6799 £6£°99 L6¥°99 Sployesnoy

V.C'96C  L81°96C V.3 968 L81°96¢ 7.2°96¢ L8L°96¢ 7.2'96¢ L8.°96¢ [®10],
mﬁoﬂﬁ\famﬁo
[euoljeN  [euoljeN 9ZIS PPV 971§ PPV A[uQ 98y A[uQ 98y ouleseqg oulpeseyg JUOWINLIISU]

(¢cee0)  (0L1°0) (¢90°0) (0£0°0) (9%0°0) (620°0) (L¥0°0) (620°0)

8L0°0— 9700 «8€T°0 s V0T°0 w9810 wxETT°0 «+E€CT°0 w0110 Fhiyunoody

(8) (L) (9) (g) (%) (€) (2) (1)

[3m013 uorpdwnsuod poyasnoy o[qeInp-uou [enuue [eay

SYTOWINIJSUT YI}TR(] QAIJRUINY SUIS() SOOI 9SNO] 0} asuodsey uorpdwmnsuo)) :¢ i d[qe],



60

F Estimation of Rotemberg Weights

We follow the suggestion from Goldsmith-Pinkham et al. (2018) that Bartik instruments can be
recast over-identified GMM estimators where the local shares are treated as a set of individual
instruments under a particular weighting matrix. The IV estimator can then be decomposed into
a set of estimators using each of the local shares, and a set of “Rotemberg” weights associated
with each of these estimates (see also Rotemberg, 1983). Together with their Rotemberg weights,
the local shares denote their contribution to the overall Bartik estimates. To see this, recall that

a simplification of our two-stage least squares estimator is summarized by:

Apry = vBy + iy

Acyy = BAp; + €1y

where B;,; denotes our Bartik-like instrument and p;; denotes the predicted values obtained
from the instrument on housing price growth. Suppose only one household is observed in each
location, that there is only one time period, and that the exclusion restriction holds.

Let L denote the number of locations, and K the total number of house characteristics used
in the instrument. Then C' is the L x 1 vector stacking Ac;;, P is the L x 1 vector stacking Ap;,
and B is the L x 1 vector stacking the instrument 5;;. Recall that the instrument is constructed
via By = Yp MieAgre, where )\ are the local housing characteristic shares for each location !
and characteristic k, and Agy, is the growth in housing quality prices for characteristic k. Let

A denote the L x K matrix of local housing characteristic shares, and @ is the K x 1 vector of
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stacked quality price growth rates. Then the stacked vector of Bartik instruments is B = AQ).

The IV estimator of the consumption elasticity using the Bartik instrument has the familiar form:

_B'C _QNC ®)
 B'P QNP

Bbartik

Following Goldsmith-Pinkham et al. (2018), the Bartik estimate can then be decomposed into
the just-identified estimates 32" and the associated Rotemberg weights aj. The Bartik estimate
of the consumption elasticity is the Rotemberg-weighted average of the just-identified estimates:
phartik — SE=1 g, ghartik - where the Rotemberg weights ajp sum to one. Goldsmith-Pinkham
et al. (2018) notes that individual Rotemberg weights «y, may be negative, which means that the
overidentified IV estimate using the full Bartik instrument 3°*** can be outside of the range of
the individual estimates 52", The just-identified estimates are given by:

/
bartik __ AkC
k Y )

where A} is the k%" column of A. And the Rotemberg weights are given by:

_ Aguhi P AAGAP phartik’ p
Zszl Aqy Ny P AB'P Phartik’ p’

Ak

where the second equality follows from the definition of the Bartik instrument and 4 is the esti-
mated first stage coefficient used to predict house prices with the instrument. Then P are
the fitted values for house price growth from the first stage, and PP*** are the fitted values from
the first stage but using only the k" component of the Bartik instrument for prediction.

Table F.10 Panel A summarizes the individual estimates and Rotemberg weights. Panel B
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explores the correlations between these, housing quality price growth, and the variance of the
local housing characteristic shares. Panel C reports the house characteristics with the largest
share of absolute Rotemberg weights, by region and year. The Rotemberg weights and housing
quality price growth are negatively correlated, while the weights and the variance of the local
housing shares are positively correlated. Because the over-identified GMM estimator places more
weight on instruments that vary more, it is unsurprising that it draws heavily on the dramatic
swings in housing quality prices that occur throughout the sample period.

Additionally, dispersion in the local housing shares implies variation in the cross-sectional
exposure to quality price movements, which also helps generate variation in the instrument. Strik-
ingly, virtually all of the Rotemberg weight is associated with the Western region, and is largely
concentrated in the bust years of 2008 and 2009, but also the recovery years of 2013 to 2015.

We graphically document these results in Figure F.11 by overlaying the evolution of national
house prices over this period. We see that much of the Rotemberg weight occurs in years featuring
rapid house price movements: 2005 (end of the boom), 2008 and 2009 (deepest part of the bust),
and 2013 and 2014 (fastest part of the recovery). Moreover, much of the variation is associated
with price fluctuations occurring in the West of the US, which is perhaps unsurprising given that
states such as Arizona, California, and Nevada had some of the largest house price fluctuations in
the entire country during this period.

Panel C reports the house characteristics with the largest share of absolute Rotemberg weights,
by region and year. The top five characteristics account for 25 percent of the Rotemberg weights,
suggesting skewness in the influence of the just-identified estimates. The benchmark house (built
prior to 1940 with one bedroom and zero bathrooms) is associated with much of the Rotemberg

weight, while the next most influential characteristics are associated with two bathroom houses,
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Table F.10: Summary of Rotemberg Weights for the Bartik Instrument

Panel A: Summary of 8, and a4
Wgt. Mean  Mean  Median 25th Perc. 75th Perc. Share Negative

B 0.155 -0.303 0.064 -0.348 0.304 0.306
oy, - 0.001 0 -0.001 0.003 0.416

Panel B: Correlations

ay Agy, Be  var(Ax)
(075 1
Agy -0.248 1
Bk 0.009 -0.007 1
var(Ag) 0.356 0.003 0.018 1

Panel C: Top 20 house characteristics by share of absolute Rotemberg weight

Characteristic Year Region Qy, % Aqy 57

Benchmark house 2008 West -0.6 0.1 -1.68 0.13
Benchmark house 2009 West -0.28 0.05 -0.87 0.16
Benchmark house 2013 West -0.25 0.04 0.96 -0.05
Bathrooms: 2 2008 West 0.22 0.04 -1.69 0.08
Benchmark house 2014 West -0.17 0.03 0.62 0.05
Bedrooms: 3 2008 West 0.14 0.02 -1.8 0.14
Bathrooms: 2 2009 West, 0.11 0.02 -0.94 0.12
Benchmark house 2008 South 0.11 0.02 -0.72 -0.29
Decade to 2005 2008 West 0.1 0.02 -1.74 0.14
Decade to 1999 2008 West 0.09 0.01 -1.68 0.18
Bathrooms: 2 2013 West 0.09 0.01 0.93 -0.05
Bedrooms: 4 2008 West, 0.09 0.01 -1.84 0.14
Decade to 1989 2008 West, 0.07 0.01 -1.74 0.11
Benchmark house 2015 West -0.07 0.01 0.53 0.16
Bedrooms: 3 2009 West 0.07 0.01 -0.86 0.15
Bathrooms: 1 2008 West 0.06 0.01 -1.71 0.19
Benchmark house 2014 NorthEast -0.06 0.01 -0.29 0.21
Benchmark house 2005 South 0.06 0.01 0.35 -0.14
Decade to 1999 2009 West 0.06 0.01 -0.8 0.05
Bedrooms: 3 2013 West 0.06 0.01 0.96 -0.05

Notes: Throughout the table S are the characteristic-specific estimates, «y are the Rotemberg weights, Agj are the housing quality
price growth rates for characteristic k, and var(Ag) is the cross-sectional variance of the local housing characteric shares.
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Figure F.11: Rotemberg Weights by Region and Year
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Notes: Sums of the share of the absolute Rotemberg weights for each region and year. The dashed black line is the S&P/Case-Shiller
National House Price Index.
Sources: Author’s calculations, FRED.

three bedroom houses, and houses built in the 1990s and 2000s. Strikingly, virtually all of the
weight is associated with the Western region, and is largely concentrated in the bust years of 2008
and 2009, but also the recovery years of 2013 to 2015. This is perhaps unsurprising given that
Western parts of the country such as Arizona, California, and Nevada had some of the largest
house price fluctuations in the entire country during this period. These results are emphasized
in Figure F.11, which shows that much of the Rotemberg weight occurs in years featuring rapid
house price movements: 2005 (end of the boom), 2008 and 2009 (deepest part of the bust), and

2013 and 2014 (fastest part of the recovery).
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