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Abstract

We document patterns of inequality in housing prices and rents housing since 1930,
using Census data. First, housing inequality fell from 1930 to 1970 and rose thereafter,
with a sharper fall and gentler rise than income inequality. Second, home-ownership
rose considerably when inequality fell, but stayed steady when it grew. Third, the fall
in housing inequality was most pronounced at the lower end, as the cheapest units
without water or electricity disappeared. Fourth, the post-1970 rise was driven more by
owner-occupied than rented units. Fifth, rising inequality is explained more by growing
spatial differences across neighborhoods than by changing structural characteristics.
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Americans care tremendously about housing: it is the largest expenditure item for most house-
holds, and an almost defining component of middle-class wealth. A home and its location not
only tell us much about a household’s comfort indoors, but also much about the quality of life
and opportunities their surroundings provide. Housing also provides access to utilities, such as
running water and electricity, which provide incredible consumer surplus, but were not available in
many places a century ago. To this day, neighborhood amenities such as safety, school quality, or
high-paying jobs vary considerably across placesE

In this paper, we consider patterns in inequality in American housing rents and values since
1930 using data from the U.S. Census Bureau. Because housing is such a complex good, this
analysis deepens understanding of how a principal component of consumption inequality manifests
itself among upper, middle, and working classes. It may also shed additional light on debates over
wealth and income inequality over the the last century. From far away, patterns in housing inequal-
ity vaguely track well-documented U-shaped patterns seen in income, wealth, and consumption
inequalityﬂ In our analysis below, we highlight several patterns that seem worth noting.

First, the decline in housing inequality is more pronounced during the “Great Compression” of
inequality prior to 1970, than during the later “Great Divergence” afterwards. Following the Great
Depression in the 1930s, inequality in home prices fell between 1940 and 1970 at a rate faster than
income inequality; thereafter it rose at a rate slower than for income.

Note, that the compression of home values, concentrated from 1940 to 1960, coincided with a
well-documented 20 percentage-point rise in home-ownership (Fetter, 2016)E| Yet, while years after
1970 saw home prices diverge, they did not see a symmetric decline in home-ownership. This lead
to our second observation, that while the value of owner-occupied homes are roughly as unequal
today as they were during the Great Depression, the share of home-owners is roughly half as large.

Third, during the Great Compression, inequality in rents fell even more strongly than housing

'"Housing accounts for roughly one third of total household wealth and roughly 40 percent of the capital stock.
Housing is almost two thirds of wealth for the middle three quintiles (Wolff, 2014). In 2004, 62 percent of housing
wealth was held by the bottom 90 percent, and only 9.8 percent by the top 1 percent; for stocks and mutual funds,
the comparable numbers are 14.6 and 44.8 percent (Wolff 2009, p. 160).

2Some particularly influential reviews include: [Saez and Zucman| (2020), [Kopczuk| (2015)), and [Aguiar and Bils
(2015). |Goldin and Margo| (1992) highlight and examine the Great Compression in incomes in the 1930s and 1940s.
Piketty and Saez (2003) examine that of top incomes. Kopczuk| (2015) reviews some of the debate on measuring
wealth inequality, as well as whether it has increased by as much as income inequality. E.g. [Kopczuk and Saez (2004)
find a great compression of wealth inequality but little divergence afterwards. |Saez and Zucman| (2016) find greater
divergence, and Bricker et al.| (2016) show something roughly in between.

3See also jof the Census and Devaney| (1994))



values. This decline was especially pronounced at the lower end of the distribution, where units
with the very lowest rents disappeared. While the Census Bureau destroyed relevant micro-data on
housing quality, surviving county-level records point to differences in access to public infrastructure.
In 1940, almost a third of housing units were not connected to running water, while a quarter did
not have electricity; by 1970 such units were rare. Rents rose the most in the largely rural counties
where running water and electricity went from rare to ubiquitous.

Fourth, the rise in housing inequality post 1970 was much stronger for owner-occupied units
than for rented units. Households at the bottom of the income distribution did not see their rents,
and fell away from the median, rental expenditures did not follow suit. Almost all rental units units
continued to provide basic comforts that were not guaranteed decades before. At the same time,
rents have taken up a larger share of renters’ incomes. Meanwhile, the value of homes diverged
sharply.

The final patterns are those most related to the rise in housing inequality over the last fifty
years. While Census measures of structural characteristics are limited, a standard re-weighting
procedure suggests finds that changes in observable structural characteristics explain not even a
little of the increases in home values. Put simply, houses don’t seem to have become more unequal
in size. Rather, inequality growth is seen more in the diverging value of neighborhoods themselves,
as inequality between neighborhoods appears to have grown more strongly than inequality within
them., complementing growing trends in income segregation (Massey et al., |2003; Reardon and
Bischoft, 2011). Thus it appears that the growth in consumption inequality seen in |Aguiar and Bils

(2015) may manifest itself in the public goods different neighborhoods provide.

1 Objectives and Challenges

Like with other measures of expenditures, we do not observe quantities of housing consumed sep-
arately from its price. This lack of separation is common to inequality comparisons over time.
Yet with housing the price of housing also varies considerably over space. Housing is especially
heterogeneous, both in the characteristics of the dwelling itself and in its location. The particu-
lar value of those characteristics are often priced using hedonic methods, e.g. Lancaster, Rosen.

Insofar as the price of dwelling characteristics are correlated, one may view these in terms of a



composite commodity of “housing services,” e.g. Muth (1969). This requires households to be in-
different across units costing the same rent within a location. It takes an additional leap to reduce
locational characteristics into uniform “location services.” which would require indifference across
locations. Nonetheless, we can use observable locations to get some sense of inequality in location
versus dwelling services. In later samples, we can use use dwelling characteristics to see how much
inequality is explained by observable dwelling characteristics versus what may be due to changes
in prices of those services /Y]

A second complication arises in our ability to measure housing consumption over time. Rents, in
principle, offer a spot-price measure for dwelling and location services. Naturally, various frictions
may mean that some households receive more for their rent payments. Less obvious is how to
deal with owner-occupied homes. Here too, higher-price homes should reflect greater housing and
location services. Nevertheless, a standard user-cost analysis implies that price-to-rent ratios are
larger for units where greater rent appreciation is expected. Unfortunately, there is no unanimously
agreed-upon method to estimate these expected user costs. Thus, we instead use a fixed percentage
of housing prices as a rental equivalent and keep in mind an important caveat. Namely, the housing
inequality we observe through prices has much to do with expected future conditions.

A great feature of the Census data is that it tells us whether a home is owned or rented, however
it is extremely limited in telling us about home equity. Some samples do indicate whether a home
is mortgaged or owned “free and clear,” i.e. who has 100 percent equity. It also seems safe to
assume that most renters have zero equity in their homes. However, the Census does not tell
us who owns their homes. Rented and owned homes therefore have much of their equity in the
hands of unidentified landlords and lenders, including the public at large through banks and other
institutions. Thus our analysis can only provide us with a limited perspective on wealth inequality
through the home-ownership rate, the free-and-clear rate, and an upper bound on home equity that

households have.

4By providing access to employment, a home, like a car, may provide access to more gainful employment, and
thus be partly a means of generating income, rather than providing pure consumption value. Our results on the
spatial composition of housing inequality also mirror prior examinations of income inequality across neighborhoods
by [Bischoff and Reardon| (2014) and [Logan et al| (2020). In particular, both income and housing inequality have
risen in large part because of differences across neighborhoods.



Data

Samples and Variables

Our data are drawn primarily from households in the Decennial Censuses from 1930 to 2000, and the
American Community Survey (ACS) thereafter via|Ruggles et al.[(2010). These include self reports
of rents, housing values, and other dwelling characteristiceﬂ To maximize comparability, we limit
our analysis to the continental United States, and exclude farms and homes used for commercial
activities, as well as condominiums. Appendix [A] provides more details, as well as analyses showing
that are results are largely unaffected by these sample restrictions.

Dwelling characteristics include number of rooms and bedrooms, building age, plumbing, and
what kind of heating system is installed. Locations are available by state, and may be assigned to
722 commuting zones with considerable accuracy, except in 1960E|

For greater geographic detail, we use summary tables for counties and census tracts going back
to 1940[] These observations are harmonized to correspond to 2010 vintage counties and census

tracts@

Interpolation and Normalization

In many years housing values and rents are only reported in discrete intervals, and thus use standard

techniques to to infer continuous values more comparable over timeﬂ These assume a smooth Pareto

SRenters from 1970 onward and home owners from 1980 onward also report their utility costs, which we include
to increase the comparability of our measures of housing expenditures and rents across units.

5We use 1990 commuting zone definitions, which are more fully explained in [Tolbert and Sizer| (1996). They
are made up of counties and designed to be places where people both live and work. For 1930 and 1940 we are
able to assign every house to one commuting zone. In 1960 they are not available in public IPUMS samples. From
1970 onward some houses are identified as being in PUMA’s or county groups in the IPUMS data that cut across
multiple commuting zones. For these years we follow [Dorn| (2009), |Autor, Dorn and Hanson| (2013)), and others in
probabilistically assigning houses to commuting zones based on the proportion of responses in their most detailed
geographic category that were in one commuting zone or the other. For most of our specifications we also report
statistics using states. We are able to match each house to a state for each year.

"The data are compiled by NHGIS (Manson et al.|(2020)) and several of the early files were digitized from Census
publications by Elizabeth Mullen Bogue.

8The geographic harmonization follows the procedure used by [Logan, Xu and Stults| (2014) since 1970, and the
extension by |Lee and Lin| (2017) for years prior to 1970.As the U.S. was only fully tracted starting in 1980, We vary
the samples to discuss how this could impacts our main findings. Our preferred sample consists of neighborhoods
that existed in 1940. Since these results are based on summary tables, there are slight differences in the universe of
dwellings included in each year. However, Appendix |§| provides a robustness exercise, using the micro-data sample,
that shows that the main results are robust to substantial changes in the sample in each year. These differences are
also much smaller than differences due to changes in the universe of census tracts over the period.

9Data derived from summary tables are always intervaled, while data from the main micro data sample sometimes
are not. Home values are recorded as intervals from 1960 through 2000 and monthly rents are reported as intervals



distribution within each interval, meaning the log survivor function (the log of one minus the CDF)
is log linear within each interval, allowing them to vary by year and geography. H Appendix
provides more detail, including the specific formulae.

While we show inequality in housing values and rents separately, we also sometimes convert
housing values into a rental equivalent. To do so, we use a multiple of 0.0785 times the value of
the house, plus utility payments when they are available. In principle, this figure includes foregone
interest, depreciation, and property taxes, minus price appreciation. While user costs do vary over
space and time, as mentioned earlier, creating such measures require data unavailable in many years
and requires making debatable assumptions about how to treat expected capital gains and owners’
valuations for local public goodsE Appendix [B| gives evidence that user costs have do not vary
dramatically over extended periods of time, as rent-to-price ratios have not varied tremendouslyB

Table [I] provides basic characteristics of the sample. It is worth noting that our basic unit,the
household feel in size consistently, from 3.8 in 1930, to 3.3 in 1960, to 2.5 in 2010. Meanwhile,
the number of rooms per house rose slowly after 1960 (from 5 to 5.75) along with the number of
bedrooms.

The first two panels of [1| give important statistics when comparing rents, housing prices, and
incomes. Panel A shows that how home-ownership, after a small dip in 1940, tremendously between
up until 1960, largely stabilizing thereafter with the notable blip upwards during the Great Housing
Bubble[]

The aggregate rent-to-price ratio saw a nearly opposite but less dramatic pattern, rising during
the Great Depression, and thereafter falling. The drop in the mean ratio is greater than the median,

which is indicative of the inequality measures we consider later. The ratio falls to a level of 4 to 5

for 1960, 1980, and 1990. In all other years the micro data sample contains a continuous measure with relatively
little top coding. Note that for consistency, we also apply the procedure when the values are provided continuously,
to provide a similar level of smoothing.

10Thus, data at the neighborhood level contains a different Pareto distribution for each bin within each neighbor-
hood in each year. Fitting distributions in such small areas can lead to issues with interpolations of top bins in a few
neighborhoods national distributions. But our results are robust to controlling for these issues in a number of ways.

" This commonly-used value is based on [Peiser and Smith| (1985). See Albouy and Hanson (2014) and Bishop et
al. (2023) for examples using recent data. Moreover, there is little data to calculate year-by-commuting zone user
costs prior to 1980, and even then, conceptual issues do arise, particularly with treatment of capital gains, ex post
or ex ante. See also |[Verbrugge| (2008 and |Poterba and Sinai (2008]).

12The scale invariance of the inequality measures also implies that mismeasurement of the constant will have no
effect on inequality among home owners, though it would affect inequality between owners and renters.

13Note that Layton (2021) gives a longer and more continuous measure of home-ownership consistent with our
findings. The period prior to 1930 was fairly stable over time.
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percent, which is a few percentage points lower than the number we use for turning housing values
into rental equivalents. Since we are not comparing identical units, this difference may be due to
rental properties simply providing less services than owned properties. Compositional issues aside,
the facts that the ratio of owned to rented units grew, while their relative price also grew, suggests
that the relative demand for owned units grew considerably between 1940 and 1960. It also grew
briefly during the Housing Bubble.

Panel B displays household-level medians of how rents and housing prices have compared to
rents. These numbers begin in 1940 when wage incomes become available. In both series, we see
a bit of a trend downwards between 1940 and 1970, and a more pronounced trends upwards after
1970, with a respite in the 1980s and 1990s. The upward trend for housing prices to incomes
is considerably stronger (note the relative equivalence of both axes), even after accounting for

homeowners higher incomes.

Empirical Methodology and Results

General Trends over Time

In the following three panels of figure [I| we examine trends in housing inequality from 1930 onwards.
To describe inequality in housing expenditures we use several scale and population invariant mea-
sures: the share accounted for by the top 10 percent, the Gini coefficient, and the Theil entropy
index. Both the Gini coefficient and Theil better capture changes in the middle of the distribution,
with the Theil being somewhat more sensitive to inequality at the bottom (Atkinson (1970))|E|

All three series describing inequality in housing values in Panel C show rather clear and almost

14The Gini coefficient is a measure of inequality that computes the area above the Lorenz Curve — the cumulative
share of housing held by each quantile of the housing distribution. The Theil index is computed by taking a weighted
average of the log of the (normalized) expenditure on housing by each household, and is given by:

r- [l (%)

where § = E[y;]. The Theil index satisfies the principle of transfers, so a transfer from a rich to a poor person always
decreases inequality. Note that if was a monotonic relationship between income, m, and housing given by the income

elasticity € = dIny/dInm, then y;/§ = (mi/m)¢, and
mi\ € m;
[(F) ()]
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L
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symmetric U-shaped patterns, with the bottoms centered at 1970. The Gini and Theil coefficients
are roughly the same from 1980 onwards as they were from 1940 and before, although the Theil
measure drops considerably more. The top 10 percent share falls from 34 percent in 1940 to 27
percent in 1970, before rising to 37 percent in 1990, falling slightly thereafter. The slight blips
upwards do coincide with the Savings and Loan Crisis seen in 1990 and the Housing Bubble in 2009
(ACS years 2005 to 2009).

The series for rents in Panel D begin at roughly similar levels as the measures for inequality
(note the equivalent axes), although the drop in inequality is greater, while the rise in 1990 is
rather slight. Post 1960, the smaller number of renting households show lower and stable levels of
inequality. One explanation is that owner-occupied housing is more affected by dispersion in the
price of land, since it is more land-intensive than rental housing typically in multifamily structures.
(Yao (2019))@ Another possibility is that shifts in ownership rates changed the composition of
owners and renters, masking rising inequality in rents. In fact, we show in Appendix [B] that
ownership rates rose among middle-class households and actually fell at lower values of equivalent
rents, concentrating renters at lower rental rates. Moreover, shifts in housing expenditures are more
pronounced in the upper tail of the distribution with few renters. As a result, composition changes
seem to have held down inequality in rents.

Panel E of Table [I] gets around these composition shifts by combining owners and renters using
the rental equivalents described earlier. It reveals a U-shaped pattern, that looks much like an
average of Panels A and B, despite shifts in home-ownership: the rise in mid-century inequality is
in between that of rents and home values. However, later housing inequality is not as great as in
the pre-War era.. E

Panel F presents inequality in household income using Census data. (Goldin and Margo| (1992)

cover decades up to 1990). The data that go as far back as 1940 only cover wages. What is is perhaps

15 Appendix Figure also shows that inequality in rents also changed more at the top than at the bottom. Less
rent dispersion at the lower end could reflect increased prevalence of market rate housing assistance, or enduring
effects of rent control following World War II (Baum-Snow and Pavan| (2013)).

160One potential concern is that shifts in household size and composition may have led to changes in housing services
even if per-capita housing services do not exhibit rising inequality. In the appendix, we show that rental-equivalent
adjusted for OECD adult-equivalent scale shows a similar pattern to that seen in Panel E. Another concern is that
rising inequality in house prices is actually a product of rising inequality in the user cost of housing, even as rental
equivalents have been stable. In Appendix we show that the distribution of price-rent ratios in the Consumer
Expenditures Survey appear relatively stable over recent history, and flat rent inequality observed in Panel D is
largely driven by selection.



Figure 1: Trends in Housing Inequality from 1930 to 2019
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NOTE: Housing inequality had a U shape over the past 100 years. Overall inequality decreased following the Second
World War, and inequality in the value of owner occupied houses has been increasing since 1970. The four panels in
this figure display values of the a Theil inequality index and a Gini coefficient for the value of owner-occupied houses,
reported gross rents among renters, a consumption equivalent measure that collapses house values and rents, and
household wage income as recorded in the Decennial Census and ACS. The observation for 2012 comes from ACS for
2009-2012. See text and Data Appendix for more detail on data manipulations and sample construction.



most notweorthy here is that inequality after 1970 increases more gradually and consistently than
our housing measures, to levels greater than we see in 1940. Thus, while wage income inequality
appears to be greater now than in 1940, housing inequality appears to be slightly lower. This
suggests that the link between wage inequality and housing inequality may be weaker than beforem

Compared to 1940, housing inequality is lower in the post-1980 period because of lower inequal-
ity among renters, despite the fact that the proportion of renters is lower. The larger reduction of
inequality after 1940 among renters suggests a greater reduction in inequality at the bottom of the
distribution. This is reinforced by the greater change in the Theil index, which is more sensitive to

lower values, as well as the 50-10 ratio shown in Table

County-level changes during the Great Compression and Great Divergence

While the changing trends in inequality roughly coincide with similar findings in the inequality
literature, they also coincide with two trends in urbanization noted by Boustan et al. (2018).
The period from 1940 to 1980 saw declining urban wage and rent premia, despite the rate of
urbanization growing from 57 percent to 74 percent. After 1980, those premia began rising again.
while the rate of urbanization slowed. Nationwide, much of the urbanization came in the South,
and sub-rbanization accounted for most urban growth.

In this section we examine housing changes across counties during periods of convergence, (1940
to 1970), and divergence (from 1970 to 2019). Figure [2| shows four related plots of how counties
changed by their initial rental equivalent. While these growth patterns do not map neatly to the
inequality data, they highlight important contrasting trends that likely contribute to it. Because
of the incredible variation, all the graphs are in logarithmic scales.

Panel A examines how housing expenditure change by initial levels. Between 1940 and 1970,
we see expenditures rise most in areas where they were once lowest. After 1970, we see this pattern
reverse, with high expenditure counties seeing greater growth. Panel B shows a very similar set
of patterns when we use initial density rather than rent. Thus, we see homes in the poorest, least

expensive

1"While we do not interpret our results as providing a causal estimate of the relation between housing and income,
the temporal and cross-sectional correlations between housing and income in our data appear consistent with estimates
of the income elasticity of housing demand in the literature at between 0.6 and 0.9. See Appendix [D| for additional
details.
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Growth patterns in the number of households, shown in Panel C, show an opposite pattern.
From 1940 to 1970 households where expenditures are already high grew tremendously. After 1970,
this pattern halts and reverse slightly. Thus, early on, many moved out of the least-valued homes
into more valued spots. This trend then halted, as expensive areas become less accessible.

Panel D examines the role of access to public infrastructure, namely through running water.
Not shown here is how strongly correlated this is with access to electricity. In 1940, there were
still many counties without access to running water. That largely disappeared by 1970, after which
there were fewer gains to be made. It appears that much of the compression at the lower end of the
housing distribution is due to housing improvements in running water and electricity, considered

by most as vital necessities today.

Neighborhoods, Local Labor Markets, and Dwelling Characteristics

Although the share of income devoted to housing appears to have stayed relatively constant over the
20th century, patterns of housing consumption appears to have changed considerably. As pointed
out in Table [1} while households shrank in human size, the units the live in have grown. They have
have also moved to warmer and sunnier places in the South and West.

Below we use a non-parametric re-weighting procedure to account for changes in observable
dwelling characteristics, as mentioned earlier, as well as household composition. The procedure
allows us to hold these characteristics fixed to understand how much they account for inequality
changes relative to other characteristics, such as location. We then further disentangle remaining
inequality spatially across neighborhoods and local neighborhoods. This decomposition gives us
some ability to see the relative contribution of local amenities and local labor markets in explaining

housing inequality.

Shifts in Structural Characteristics

While Table [1] shows that houses have been getting larger, on average, the size and structural
characteristics of houses have not become appreciably more unequal. To see this, Figure [3| plots
inequality in the hedonic value of structural characteristics over the half century. The predicted
housing values are based on regressing the characteristics — the number of rooms, number of bed-

rooms, the presence and type of heating system, and the presence of indoor plumbing — on the
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Figure 2: County Level Changes in Housing Outcomes: 1940 to 1970 vs 1970 to 2019

County Level Changes in Housing Outcomes: 1940 to 1970 vs 1970 to 2017
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1940 to 1970 fit: slope = -0.092 (0.004)

1970 to 2017 fit: slope = 0.027 (0.015)

o

Relative Equivalent Housing Rent, log scale
Relative Equivalent Housing Rent, log scale

1940 to 1970 fit: slope = -0.442 (0.024)

1970 to 2017 fit: slope = 0.164 (0.076)
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C. Housing Unit Growth by Initial Cost D. Running Water Growth by Housing Cost
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log housing value — housing value and rents. Under conditional independence the figure plots how
unequal structural characteristics contribute to overall inequality. Even if conditional indepen-
dence does not hold, this exercise measures how well observable characteristics predict differences
in housing values.

The dashed line in Figure [3| shows that the Theil value of predicted housing values based on
structural characteristics has remained stable for home owners, even while overall inequality rose.
The pattern for renters shows a contrast in sign, with inequality in structural characteristics falling,
even as overall inequality edges upwards. Unless unobserved structural characteristics behave very
differently than observed characteristics, it appears that structural characteristics are unlikely to
explain the rise in housing inequality seen in the post-War period.

Two robustness exercises support the notion that limited contribution of structures does not
depend on the specifics of the hedonic pricing equation. First, inequality in the number of rooms or
bedrooms does not change substantially, independently of how without attaching specific valuations,
as shown in Appendix Figure [AT7 Second, an analysis that re-weights housing in 2012 to match
characteristics of housing in earlier years using propensity scores (DiNardo, Fortin and Lemieux,

1996), Appendix [C| produces similar results.

Figure 3: Impacts of Observable Structural Characteristics on Inequality

Inequality in the Structures of Houses Inequality in the Structures of Apartments
n |
= ®
5 5
= =
= =
3, 3.,
=kl =ka !
o m e ———e = ————
o~
— e
o - 4 - o ——————
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‘ Overall ——e-—- Structures Component ‘ ‘ —e— Overall ——e—- Structures Component ‘

NOTE: Inequality in the structural values of owner occupied houses and rental units has not appreciably risen since
1960, unlike overall housing inequality. Plotted in the solid dashed line is inequality in the structural value of the
dwellings specified. The structural value is the predicted value from a hedonic regression of housing characteristics
— the number of rooms, number of bedrooms, presence of plumbing, and the presence and type of heating unit — on
the log home value or rent. For robustness, Figure performs a similar exercise and obtains similar results by
adjusting the structural characteristics of houses in 2012 to prior years using propensity score re-weights. Each panel
refers to the different labeled variables and sub-samples. The solid lines are the same Theil index values as in Figure
and we plot them to show scale.
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Our results on dwelling characteristics support previous reflections on this issue. For example,
Glaeser and Gyourko) (2008) find that per-capita square footage consumed by rich and poor house-
holds has become more equal over time. Since construction costs vary little within cities, much of
the growing inequality in housing value seems to be due to growing inequality in land values, or

the right to build on such land.

Neighborhoods versus Local Labor Markets (under revisions

The service flow from housing combines the benefits from the structure itself with the land and
amenities that come with it. Land values could potentially diverge due to differences in access
to local labor markets, as some cities increase in productivity relative to others (Van Nieuwer-
burgh and Weill (2010), |Diamond| (2016)), |Gyourko, Mayer and Sinai (2013)), and Moretti (2013)).
Additionally, local amenities such as schools, crime, and other features of neighborhoods impact
values of land (Wilson| (2012])), Chetty, Hendren and Katz| (2016), Rossi-Hansberg, Sarte and Owens
(2010), |Guerrieri, Hartley and Hurst| (2013), /Autor, Palmer and Pathak! (2014), and |Couture et al.
(2019)).

In this section, we attempt to disentangle the impact of local labor markets and neighborhoods
by decomposing inequality metrics across neighborhoods and commuting zones. In particular, the
Theil index—like all generalized entropy indexes—admits a decomposition across J areas as follows:

13 on 3 [ (%)

The first term gives the weighted sum of within-area variances (using shares of y; in region j as
weights), and the second term gives the Theil index across area means ;.

Panel A of Figure [4] shows this decomposition by grouping Census tracts, a proxy for neigh-
borhoods. Specifically, the dashed line in Panel A of Figure [ plots the second term in the de-

composition — interpretable as the contribution of across neighborhood inequality to overall Theil

inequalityp;g]

18To make across-neighborhood values comparable across time, the statistics are based only on areas where the
census provided information about neighborhoods from 1940 onwards, with historical census tract boundaries adjusted
to match current definitions. Doing so omits newer tracts within cities, so may provide an incomplete sample of
neighborhoods. To address this, Panel B presents results for a sample of tracts in each Census year. These show the
same overall qualitative pattern, though there can be some differences in magnitudes. See the Appendix for more
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Panel A shows that inequality across neighborhoods makes up a substantial component of the
time trend of overall inequality. Inequality across neighborhoods declines by roughly a third from
1940 to 1960. Then from 1960 to 2017 inequality across neighborhoods increases more than three-
fold. And the overall time pattern matches trends in overall housing inequality.

The proportion of overall inequality due to differences across neighborhoods (the solid and
dashed lines) also grew over the period we study — from around 35 to over 45 percent . Panel B of
Figure [ decomposes overall housing inequality, as measured by the Theil index, into contributions
from cross-city differences and cross-neighborhood differences. Neighborhoods are making up an
increasing share of overall inequality, with an notable increase in 1990. And the same general trend
applies regardless of when they are mapped.

Panel B also shows that the proportion of overall inequality attributable to commuting zones
declined from 1930 to 1980, but then increased from 1980 onwards (Gyourko, Mayer and Sinai
(2013) and Moretti (2013)). However, cities’ contributions to overall housing inequality are less
than half the contribution of neighborhoods.

Overall, Figure 4| emphasizes neighborhoods (Wilson (1987) and Chetty, Hendren and Katz
(2016))) and local amenities (Rossi-Hansberg, Sarte and Owens (2010)). Neighborhoods have always
led to a meaningful level of inequality and a drop in across neighborhood inequality matches drops
overall inequality. And more of housing inequality can be explained by neighborhoods than ever.

Our results are consistent with the idea that income inequality has led to growing inequality
in the enjoyment of of amenities are opportunities, in line with results on consumption inequality
more broadly |Aguiar and Bils (2015)@ However, it could also be that the price of fixed amenities
is growing instead: for instance the premium for having a property on the beach may have simply
grown as wealthier households bid over them.

Several studies (e.g. [Van Nieuwerburgh and Weill (2010), Moretti (2013), and |Gyourko, Mayer
and Sinai| (2013))) have examined increases in the inequality of aggregate housing price indices across

cities in the post-war period. In comparison, our analysis examines statistics at the household level

details.

19Aguiar and Bils| (2015)) find inceases in both income and consumption inequality after correcting for measurement
error in the Consumer Expenditures Survey (CEX). Their result stands in contrast to prior studies using the CEX
which find only a modest increase in consumption inequality given rises in income inequality |Krueger and Perri| (2006)
Meyer and Sullivan| (2017)). Work by |Attanasio and Pistaferri| (2014) and earlier evidence by |Cutler and Katz| (1992)
also suggest that consumption inequality has increased recently.
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Figure 4: Inequality Across Neighborhoods and Commuting Zones
Panel A: Theil Values
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Note: Most inequality is due to differences across neighborhoods (census tracts). Inequality across neighborhoods is a
large and growing proportion of overall theil inequality, more so than inequality across commuting zones. This figure
shows a decomposition of the Theil inequality index of rents and equivalents to differences across census tracts and
commuting zones. Panel A plots a decomposition of the level of Theil Inequality in areas that had tracts in 1940, using
time-consistent tract identifiers. Panel B plots the proportion of overall Theil inequality due to differences across
neighborhoods and commuting zones. Since many areas only had tract boundaries late in the century, the panel
plots both statistics for areas where tracts contemporaneously existed (so additional neighborhoods are included each
year) as well as areas that had tracts mapped beginning in 1940 (so the areas are the same for all years). The entire
Continental US is always included in the commuting zone sample. All tract boundaries are harmonized to match
2010 boundaries using techniques from [Logan, Xu and Stults| (2014)) and [Lee and Lin| (2017). Data are via NHGIS
(Manson et al| (2020)) and IPUMS (Ruggles et al.| (2010)). House prices are interpolated as described in the text.
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and includes the pre-war period, besides also covering rental units, and the separate role of dwelling

and location.

Conclusion

We document patterns of inequality in housing prices and rents housing since 1930, using Census
data. First, housing inequality fell from 1930 to 1970 and rose thereafter, with a sharper fall and
gentler rise than income inequality. Second, home-ownership rose considerably when inequality fell,
but stayed largely steady thereafter. Third, the fall in housing inequality was most pronounced at
the lower end, as the cheapest units without water or electricity disappeared. Fourth, the post-1970
rise was driven more by owner-occupied than rented units. Fifth, rising inequality is explained more
by growing spatial differences across neighborhoods than by changing structural characteristics.

While the descriptive analysis here does not permit one to draw causal inferences, the role
of federal housing policy is rather conspicuous: see Snowden, Fetter and Rose (2018) for a more
detailed analysis. m The Great Depression saw the creation of the Federal Housing Administration
and government sponsored enterprises (viz. Fannie Man and Freddie Mac) to guarantee mortgages
for moderately priced homes. Veterans’ Assistance did much to help first-time home buyers, often
in suburban homes near federally-subsidized highways. Meanwhile, income taxes rates grew, greatly
increasing the value of the home mortgage interest deduction, particulalry for high earners. Housing
policy has continued to evolve through the Savings and Loan Crisis in 1990 and the great housing
bubble and the subprime mortgage crisis.

In urban areas, wartime rent controls in the 1940s may have helped compress rents, even though
these were eventually eliminated. Various slum clearance and renewal programs affected as well as
relocated many of the low-quality housing. In rural areas, the Rural Electrification Administration
played a hand in helping the vast majority of housing units have electricity and telephone service
by 1970. Massive infrastructure investments made it so that much smaller communities had access
to running water and sewage than in 1930. Meanwhile, continuing rural-to-urban migration made
it so that Americans were more geographically concentrated, even if they found other reasons to

value their neighborhoods differently.

29most notably the National Housing Act of 1934, Fair Housing Act of 1968
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Appendix - For Online Publication

A Data

A.1 Integrated Public Use Microdata Series sample restrictions

Our Census data are provided by the Integrated Public Use Microdata Series, from usa.ipums.org
detailed in Ruggles et al. (2010). We use the following samples.

e 1930: 5 percent sample
e 1940: 1 percent sample
e 1960: 1 percent

e 1970: 1 percent state and metro (depending on state or commuting zone) and format 1 or 2
(depending on the questions needed).

e 1980: 5 percent state sample
e 1990: 5 percent sample
e 2000: 5 percent sample

e 2009-12 ACS five year 2012 sample with interviews in 2008 dropped

As mentioned in the main text, we include households in the United States with three restric-
tions: We omit houses outside the continental US, we exclude houses used to generate revenue, and
we similarly exclude owner occupied multiple family residences. Appendix table shows the per-
centage of houses we exclude for each year due to being used to generate revenue or encompassing
multiple units. We present these separately for both owners and renters.

The first row for each panel shows the number of houses in the continental US that are included
in our sample. this is quite high for each year, and in later years it is over 90 percent. The next
few rows show reasons why houses are excluded. By far the most important reason is because they
are farms. For example, in 1930 25 percent of households lived on a farm. Multiple family houses
and houses used for commercial purposes are also excluded in our analysis for the years where the
census identifies them. In 1960, the first year we can identify them, these housing categories made
up roughly 6 percent of owner occupied housing.

Additionally, the 1930 and 1940 data also do not include dwelling characteristics, nor do they
indicate the presence of businesses, so we can neither measure nor exclude businesses and multi-
family structures in these years. These two categories account for only 6 percent of owner-occupied
homes in 1960. The 1940 enumerator instructions also noted that respondents should exclude the
value of units rented out and to also exclude the area of the house that is used for business purposes
if it is a “considerable portion” of the house, however. So values 1940 may be more comparable
to our later sample than 1930 in terms of methodology. This difference in methodology limits the
comparability of 1930 and 1940, however.

The final few rows show categories of houses that were excluded from questions in some years.
From 1960-1980 mobile homes and trailers were excluded and in 1970 condos were as well. In other
years they are included. These categories, again, make up a small proportion of housing units in
these years, They never reach six percent, and often are well below that.
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Figure A.1: Housing Inequality Without Sample Exclusions

Panel A: House Values (No Exclusions) Panel B: Rents (No Exclusions)
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Our decisions about sample comparability do not appear to drive our results, since the same
statistics calculated among all dwellings surveyed in each year show very similar patterns. Appendix
Figure plots in black the gini and theil values for all dwellings available in the data in each
year. The grey lines represents the values for the restricted sample of owner and renter occupied
dwellings in each year, the same as in Figure|ll The statistics show a U shaped pattern regardless of
which sample we use, and they are quite similar in the later period, when the number of exclusions
is much less. If anything, the inclusion of farms in 1940 tends to increase inequality in that year,

heightening the size of the initial decline@

A.2 Variable harmonizations

Several variables are harmonized over time, which occasionally leads us to intentionally ignore
information in some years to prevent our results from being driven by the more detailed information
(generally) available in later years. Most notably, data about the structural characteristics of houses
is only available for 1960 onwards. Data on room numbers are also not available in the same detail
for each year, and so we collapse categories of the number of rooms in houses to allow us to cover
each year.

Additionally, the number of rooms is available in 1960, but not the number of bedrooms. Since
we use both the number of rooms and the number of bedrooms in our calculation of the structural

21 Enumerators were instructed to ask about the value of buildings on farms used as dwellings separately from the
rest of the farm in 1940. So the values of farms in this year may be closer to our preferred concept of separating out
residential from commercial value.
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value of a house for other years, this leads to an inconsistency in 1960. We resolve this by ignoring
variation in the number of bedrooms — we set the number of bedrooms to zero in this year and
introducing a fixed effect for the year. So structural values are based on variation in other variables
— most notably the number of rooms, but not bedrooms.

Total household incomes are also measured inconsistently across years. So we focus on household
wage income only, because it is more consistently measured.

A.3 Pareto Interpolation

To account for issues with rounding, top coding, questions asking about bins, and data being
reported in intervals, we use a pareto interpolation procedure. We use a pareto distribution to
interpolate values both in years where data are intervalled and where they are continuous. Where
data are intervalled, we interpolate within the specified intervals. Where data are continuous, we
divide the data into equally size intervals. We start with 25, but decrease the number until each
interval has a reasonable “width,” or distance for its minimum to maximum value %]

The pareto distribution’s cumulative distribution function (CDF) has the from F(y) = 1 —
(k/y)* for y > k. It follows that the logarithm of the complementary CDF (or “tail” function) has
a slope of —a with respect to In(y). The greater the slope «, the faster observations “die off,” and
the less disperse the distribution. For any value y;, define

pi = In[l — F(y)] = aln(k) — aln(y) (A.1)

The interpolation method (Pareto| (1896))) estimates o by differencing expression at the
values for the two endpoints of a bracket [y;, yi+1], where i = 1,..., I indexes the intervals, namely

by = m(yir1) — ln(yi),z‘ =1,.,1—1, (A.2)

Pi — Di+1

and k; = yip; /® Even when the distribution may not be considered Pareto globally, this procedure
fits a simple line segment to the log survivor function in terms of In(y).

Extrapolations for top and bottom bins

Since the Pareto distribution is unbounded, determining a value of a beyond the top code, y; in
the data can be difficult. This problem is largely remedied if the mean is available, as it is for
housing values in 1930, 1940, and 2012. There, the property that the mean value of §; = E[yly >
yr] = ayr/(a — 1), imples a value of

ay = —24 (A.3)
Yr —yr

In situations where we do not have a mean above a given cutoff we extrapolate «; for the
topmost bin from either other values of a; or an assumed hard code. Depending on the relative
sample sizes, the values come from the next interval down, other intervals in the top 10 percent of

22The precise definition is that the procedure will decrease the number of intervals until each interval has a max
value that is 1.01 times its min value or greater. We do this because the procedure fails for intervals that are
excessively “narrow” as sometimes occurs where respondents round values.
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the distribution, the average of topmost parameters in other areas, or the hard code

For the bottom interval we extrapolate values using a uniform distribution to deal with bottom
coding and problems associated with zero values. We set the minimum of this interval as one
one-hundredth of the top value.

Geographic breakdowns

To perform the procedure, we aggregate observations in each year by geography. Our choice of
geography balances the additional resolution that comes from finer geographies with the possibility
of spurious parameter values, particularly for the extrapolated portions. It also is dependent
on having a consistent measure of geography, so we choose a different geography based on the
geographic specificity of our data source. For data on individual houses from IPUMS, we perform
the interpolation at the state by year level, since we have consistent information about what state a
house is in for all years. For the data drawn from neighborhood summary tables posted in NHGIS,
we perform the imputation at the level of the neighborhood in each year@

Tllustrations

Figure shows several illustrations of our imputation procedure for different types of situations.
We plot both the CDF and the tail function, which is linear in the pareto distribution. The second
plot is especially relevant for determining the fit in the very top of the distribution.

of Figure shows both the empirical cumulative density function for home prices in
2012 and the pareto CDF used in the paper. Note that this is a year where respondents reported
a continuous quantity, though the distribution plot shows that many did round. The dashed lines
show intervals in each bin used for rounding. As in other years, we divided the data into 25 bins
to perform the CDF interpolation. The dashed lines show the min and max proportions for each
bin, as well as its placement along the scale.

Figure shows how the Pareto distribution matches the top of the distribution. Overall
the fit is quite good, with the line tracking the distribution until it encounters the state by year
topcodes for the top 0.5 percent of the distribution.

Similarly [Panel C| and [Panel D| show the same for the 1970 distribution where the variable
is divided into 11 intervals. Here the distribution meets the interval boundaries exactly and the
interpolation simply smooths the area between them. The top code extrapolation has the same
slope as the one for 2012, but this slope matches the slope of the previous interval rather well,
implying the extrapolation is reasonable for this year as well.

23Rent values of the topmost bins in 1930 and 1940 are always hard coded to be 2.5. In these years we have a
continuous distribution of rents (and home values) with very few top codes; parameters estimated from the mean
procedure lead to suspiciously high inequality statistics.

24Tn the extremely rare case where we attempt to use paramters in the top decile, but all values are in the topmost
bin, we check the top 11, 12, 13, etc. percent, stopping at the first percentile where an estimate exists.

25To make our analyses less susceptible spuriously high dispersion in the top bin for small geographies, we windsorize
the topmost values of the imputed distribution for individual neighborhoods at 1,000 times the overall median value.
Since the procedure is done separately by neighborhood and since the top tail is larger in later years, this decision
should decrease the growth of between tract inequality in later years. In practice, it rules out to relatively few
observations and results are fairly similar without the windsorization.



Figure A.2: Example CDF plots for the pareto interpolation

Panel A: CDF of house values for 2012 Panel B: Tail function of house values for 2012
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NOTE: The term “tail function” corresponds to the logarithm of one minus the the CDF.

A.4 Assigning Commuting Zones in Micro Data Samples

We keep a consistent geographic sample across all years in the micro data sample by primarily using
1990 local labor markets, or commuting zones, as described by [Tolbert and Sizer| (1996). Local
labor markets are a natural geography for this analysis since housing values are closely related
to local income levels. For 1970-2011 we match geographically using the probabilistic mapping
made available by David Dorn via his website and used in, for example, Dorn| (2009). For 2012 we
replicate the probabilities matching using updated PUMA definitions for the 2012 census and for
1930 and 1940 we use the direct county to commuting zone mapping in |Tolbert and Sizer| (1996)
since counties are available. Unfortunately it is not possible to match to commuting zones in for
1960 based on the publicly available samples, so we instead use states as our geographic entity
where we use data from 1960 (this is generally marked in each table).

This mapping uses the most disaggregated geography available in each census to project this
geography onto counties and then project these counties onto commuting zones. Unfortunately, the
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PUMAS and county groups available often contain multiple counties and these counties sometimes
fall into separate commuting zones. In these cases we compute a probability that a given person
resides in one commuting zone based on the proportion of people in her identified geography that in
fact live in the given commuting zone based on non-restricted census summary tables. Where these
probabilistic matches occur, we create multiple observations — one for each possible commuting
zone — and weight them by the probability the original observation is in that commuting zone,
times their initial weight if applicable. Samples for 1930 and 1940 contain county information so
the match is exact and we avoid the first projection.

A.5 Deflator

Since the inequality measures we use are scale invariant, our deflator is generally unimportant. We
deflate values using the Consumer Price Index excluding structures published by the BLS, from
the Federal Reserve Bank of St.Louis’ FRED system. The series mnemonic is: CUUROO00SAOQL2.
Before 1935, when structures were not identified separately, we combine the data series from the
general CPI (CPIAUCNS) and the CPI for rent of primary residence (CUUROOOOSEHA) by using an
OLS regression to predict the shelters excluded series for the years it is available prior to 1941
based on the general CPI and the CPI for rent of primary residence. This regression has good out
of sample prediction powers for years up to 1960, so we believe it is a reasonable approximation for
the initial five years.

B Robustness of User Cost Assumptions

We show that inequality in house prices for owners has risen considerably since 1960, though
inequality in rents for renters has remained relatively stable. In the baseline results, we combine
these two facts into single housing services measure by converting home values into rental equivalents
using a common user cost over time. Doing so leads to a conclusion that that inequality in housing
services has risen over time. In this appendix we explore how selection into ownership and renting
impact the observed distributions of rents and home prices, and examine our assumptions about
user costs used in our baseline results.

B.1 Composition shifts in ownership

As we have showed, inequality in rents among renters remained relatively stable over time since
the 1960s while inequality in housing values for owners rose. The two facts paint very different
pictures for housing inequality over the last 50 years. The differences reflect shifts in ownership
rates at various points in the distribution of equivalent rents, hence generating differential selection
into owning or renting at various points. This section analyzes how this selection interacts with
shifts in the underlying distribution of equivalent rent.

Figure shows ownership rates by demeaned equivalent rents in 1960 and 2012. Each dot
denotes the average within a decile of the equivalent rent distribution. In the second half of the
last century, home ownership rates rose at middle and high values of equivalent rents and actually
fell some at lower equivalent rent values. (Ownership has been persistently high at very high levels
of equivalent rents.) As such, renters became concentrated towards the bottom of the distribution,
reducing inequality within renters due to selection. At the same time tail values of housing services
moved outward (as seen by the rightward shift of upper deciles), raising inequality among owners
due to widening gaps in home values. This meant shifts in the distribution of equivalent rents
showed through primarily to home owners, while selection offset increasing inequality in rents
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among renters. As we see in Figure [I] the full distribution of rental equivalents—which is not
subject to selection into ownership—combines these two stories, showing an overall fanning out of
housing services across the distribution.

B.2 Stability of Price-Rent Ratios

In our baseline results, we assume the user cost of housing (or the price-rent ratio) is stable over
time, such that the increase in house price inequality maps to an increase in owner-equivalent rents.
When combined with rents among renters, we see an increase in inequality of housing services over
time. Of course, an alternative story is that rising home price inequality is simply driven by rising
inequality in user costs over time, while inequality in housing services has remained rather stable.
If this were true, combined housing services inequality would have been largely flat since 1960.

To allay concerns about shifts in the distribution of user costs driving our results, we provide
evidence from the Consumer Expenditure Survey (CEX) which has collected data from owners on
both their self-reported home value and their perceived equivalent rents since 1984, providing a
measure of price-rent ratios at the household level over timeﬁ By asking owners to report both
prices and equivalent rents directly, we can abstract from model-based measures of user costs that
attempt to add up interest costs, maintenance, depreciation, and (notably) expected capital gains,
which are not observed. Instead, our approach provides a direct view of how households perceive
the value of their home as an asset and the value of service flows it produces.

Figure shows the distribution of price-rent ratios reported by owners in the CEX is stable
over the observed period from 1984 onward, and roughly centered at our assumed price-rent con-
version factor. Price-rent ratios did rise some during the housing bubble period, but did so across
the distribution of price-rent ratios. Moreover, the spread of the distribution appears largely stable
across Census years covered by the CEX sample period.

The figure suggests that while user costs are unlikely to be constant across households and
time, our constant user cost assumption provides a reasonable baseline. Importantly, assuming a
different level of constant user cost would impact results little, as doing so simply scales how house
price inequality maps into housing services, but does not alter its shape. The CEX data support
the fact that user costs do not show a clear temporal trend that would cause this scaling to differ by
year, reducing the increase we see in house price inequality when translated into housing services.

The spread of price to rent ratios in the CEX could reflect cross sectional variation in user costs
that could influence our results, though it is unlikely to overturn our main takeaways for three
reasonsm The first and most direct is simply that the spread of price to rent ratios is remaining
relatively constant over time. Assuming no change in the correlation of user costs with housing
values, a constant variance of user costs would imply no impact on overall inequality through
changes in user costs. The second is our finding that differences across neighborhoods are driving
rising housing inequality. For the increasing differences across neighborhoods to be driven by user
costs, user costs would have to be changing across neighborhoods within cities@ The third is

26The CEX began collecting owner equivalent rent measures in 1984 to assist with better measurement of the CPI
rents series. Home values are also collected in the first survey, and also the outgoing survey in more recent years.
CEX microdata from BLS and ICPSR provide household-level responses for both variables in most quarters since
1984q1, though owners’ rents are missing in 1985q2-3 and 1986q1.

2"Impacts on inequality would depend on how they relate to housing values. For example if user costs were
negatively associated with housing prices, they could decrease inequality.

281t would be difficult to imagine that changes in tax treatment, maintenance, or interest expenses could vary so
dramatically across neighborhoods. Expectations of future price increases could vary by neighborhood and affect user
costs, but even if these differences were driving our results, the takeaway would still be related to (expected future)
valuations of housing services.
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that it is possible that the observed variance of price to rent ratios in the CEX is largely due to
mismeasurement of either quantity in the survey, and not variances in underlying user costs.

B.3 Per-Capita Housing Services

Our results suggest that housing services have become more disparate across households, but this
fact may simply reflect differences in household size and composition over time. In particular, if
household sizes have become increasingly different, households may demand different amounts of
housing. While this may lead to heterogeneity at the household level, the distribution of per-capita
housing services may not be altered.

To check whether this is driving our result, we adjust our user cost conversion to allow for
differences based on household size. Specifically, rather than assuming a constant user cost of 0.0785,
we divide this figure by the OECD equivalent-scaled household size given by 1+ 0.7(A — 1) + 0.5C
where A is the total number of adults in the household and C'is the number of children (14 years old
or below). The OECD equivalent scaling is a commonly used method of accounting for economies
of scale in consumption, such as sharing of common spaces, kitchens, etc. This measure provides a
view housing services on a per-person basis.

Broad trends in housing inequality are similar with and without including adjustments for
household size with an equivalence scale. Figure shows that the same U shape, with sharp
declines in the mid 20th century, is apparent after adjusting for changes in household size. Addi-
tionally, the difference between the dark lines that include the adjustment and the grey lines that
do not shows a narrowing gap after including the adjustment. This could this narrowing gap makes
the declines in mid century somewhat less dramatic, though they still are large. The declining
impact of differences in household size could reflect the trend of households tending to be smaller
and more homogeneous in terms of size throughout the 20th and early 21st century.

C Reweighting

C.1 Procedure

Formally, using notation similar to |Fortin, Lemieux and Firpo| (2011)), we have two groups of
houses, one group of houses observed in ¢t and another in #. We have prices for each group and
some houses may appear in both groups. We want to compute a statistic, v(P), that is a function of
a distribution of house prices, P — R. With the above caveats in mind, we denote the distribution
Py v+ where the first subscript refers to the year we would like to apply prices from and the second
year is the year we would like to match in terms of observables. So we re-weight observed houses in
t so that they corresponded to the distribution of characteristics of houses in #’. Note that in this
notation Py, is simply the distribution of houses in period ¢. Putting this together, we are seeking
to recover:

1% (Pt,t’) (A4)

Conditional independence, or ignorability, in this context means that once we condition on
all observable characteristics (S and L), the unobservable characteristics (¢) are independent of
whether we observe the house in ¢ or t. Here this would imply that once we take into account
each observable detail about the house there is no special trait which we omitted that differs
systematically between ¢ and ¢'.

To actually estimate v (PW), we compute re weighting factors following |DiNardo, Fortin and
Lemieux] (1996) which Hirano, Imbens and Ridder| (2003) and |Firpo| (2007)) formally establish are
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Figure A.5: Inequality in Rents and Equivalents (Equivalence Scale)
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Note: Trends in housing inequality are broadly similar with and without including adjustments for household size
with an equivalence scale. Adjusting for changes in household sizes makes inequality smaller in early years however.
Plotted are Gini and Theil indexes of inequality for rents and rental equivalents divided by an equivalence scale and

without adjustment (the same as Panel C of Figure [1)).
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efficient. ®(S, L) with the following form:

Pr(r =t|S,L)/Pr(r =1t)
Pr(r =t|S,L)/Pr(r =t)

o(S,L) = (A.5)

Where 7 represents the year the house was observed in (either ¢’ or ¢). The intuition is that we
would like to heavily weight the observations from year ¢ that look very much like the observations
in year t’. We do this by using the odds that an observation came from ¢’ given its observables.

We compute the probabilities using logit regressions that pool houses observed in both ¢ and
t'. By regressing a dummy indicator of a house being observed in ¢’ on a flexible functional form
of S and L In this context we mostly use dummy variables for different categories. we are able to
compute predicted probabilities Pr(r = ¢/|S, L) and Pr(r = t|S,L). To compute Pr(r = ') and
F;I“(T = t) we simply use the sample proportions (appropriately weighted). Applying equation
then gives a value of @(S, L) that we use to re-weight each statistic.

We then multiply @(S , L) by the weights already applied to the houses observed in ¢ to simulate
the density that would exist under the counter-factual that houses had identical characteristics to
houses in ¢ but were priced in terms of the prices that prevailed in ¢.

C.2 Results

To account for how observable changes in housing characteristics have affected inequality, we use
the propensity-score re-weighting approach of |DiNardo, Fortin and Lemieux (1996)). This approach
estimates what the distribution of housing prices would be if the observed characteristics of houses
had remained identical to earlier years, and those characteristics had been priced as in later years.
Specifically, the re-weighting makes the observable characteristics of a sample of houses in a later
“current” year, t (e.g. 2010), resemble characteristics from a prior “target” year, t' (e.g. 1970).
@ By doing so, we can infer the distribution of house prices holding fixed observed characteristics
at a base year. Such a decomposition does rule out general-equilibrium effects (such as changes
in demand) affecting prices. Nonetheless, it is a useful accounting method, as changes from re-
weighting tell us how well observable characteristics could affect inequality. Residual variation is
informative of how other factors such as local amenities impact inequality.

Results in Figure and Table show that if households lived in housing units with dwelling
characteristics, locations, and household composition observably identical to those in 1970, housing
values would be only slightly more equal. Relative to overall changes in housing inequality, changes
attributable to movements in these observable characteristics appear rather small@

Table[A-2]shows that dwelling characteristics can explain, at most, less than a third of the change
in the two inequality statistics for rents and rent equivalents. The direction also varies between
home owners and renters, and reweighting based on previous characteristics actually increases
inequality among renters, suggesting that the rental housing stock has actually become more equal

29 [Fortin, Lemieux and Firpo| (2011) provides detailed conditions for identification and implementation details.
The procedure re-weights observations using the relative odds of a house being observed in the target year relative
to the current year, which we determine using a logit regression on the pooled sample in years ¢ and t'.

30The re-weighting specification we use allows for depreciation by including their age as an explanatory variable.
This rules out controlling for “vintages” of houses with features particular to their year of construction. The “Vin-
tages” specification includes a house’s vintage, but not its age (implicitly assuming there is no depreciation net of
usual maintenance). |Davis and Heathcote| (2007) find that spending on structural improvements in the US (roughly
0.8 percent) is very similar to a reasonable estimate of structural depreciation (roughly 1 percent). Our conclusions
using vintages reinforce the idea that changes in dwelling characteristics have not driven the changes in housing
inequality that we document.
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in terms of structural characteristics. Additionally, neither location nor dwelling characteristics do
much to explain changes in household wage inequality (shown in the last column).

Figure A.6: Impacts of Observable Structural Characteristics on Inequality
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54 o 54
5 ! % o= - - P 5
EREE B —— 8= 2 41
2 34 2 34
= =
g 2 L _
T 1- T 1- I
E E

0 0

T T T T T T T T T T T T
1960 1970 1980 1990 2000 2012 1960 1970 1980 1990 2000 2012
Panel C: Rents and Equivalents Panel D: Household Wages

54 54
b b
E 47 E 47 o~ — —O————0— o 2
é: 3 o e B o S e é:: 34
£ .24 £ .24
B 14 B 14
E E

0 0

T T T T T T T T T T T T
1960 1970 1980 1990 2000 2012 1960 1970 1980 1990 2000 2012
-------- o Dwellings Alone ——e-—- Dwellings and States
— -o— — Dwellings and CZ’s ----0----- Vintages Specification
Actual Values

NOTE: Measures of inequality are mostly unchanged by changes in the observed structural characteristics of houses
included in the Decennial Census. Lines in black refer to re-weightings of the 2012 data, following |[DiNardo, Fortin
and Lemieux| (1996) and |Fortin, Lemieux and Firpo| (2011), to match the distribution of structural characteristics
observed in each Decennial Census. The line in grey shows the values of the statistic in the data for each year. Each
panel refers to the different labeled variables and sub-samples.

D The Relationship between Income and Housing Inequality

Our results suggest a link between local income and housing inequality. Studies of housing demand
(e.g. Polinsky and Ellwood| (1979), [Hanushek and Quigley| (1980), and Mayo| (1981))) have generally
concluded that housing is a necessity, a regularity sometimes known as “Schwabe’s Law.” Most
estimates of the income elasticity of demand for housing are between 0.3 and 1.0, so variations in
income should be reflected in housing consumption. In fact, other things equal, the variance of log
housing consumption should equal the square of the income elasticity of housing times the variance
of log incomePT]

31This exercise carries several caveats: General equilibrium effects may interact with consumer preferences to either
dampen (Matlack and Vigdor| (2008])) or amplify (Van Nieuwerburgh and Weill| (2010))) the direct effects of changes
in incomes. Additionally, since housing is so heterogeneous, it is difficult to quantify how much “housing service” a
house of a given size or in a given neighborhood provide.
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Table A.2: Re-weighting

Panel A: Theil entropy

Rent and Equiv. Rents Home Values HH Wages

2012 0.328 0.148 0.422 0.367
Dwellings 0.298 0.150 0.391 0.354
Dwellings and State 0.290 0.155 0.387 0.356
Dwellings and CZ 0.298 0.160 0.403 0.359
Vintages Specification 0.311 0.156 0.459 0.356
1970 0.190 0.140 0.222 0.194

Panel B: Variance of logs

Rent and Equiv Rents Home Values HH Wages

2012 0.540 0.507 0.977 1.189
Dwellings 0.535 0.540 1.001 1.177
Dwellings and State 0.535 0.550 1.046 1.184
Dwellings and CZ 0.549 0.569 1.097 1.197
Vintages Specification 0.503 0.521 0.990 1.194
1970 0.440 0.367 0.609 0.857

NOTE: Changes in observable dwelling characteristics cannot explain increases in housing inequality. Statistics are
taken of 2012 data, re-weighted to emulate the distribution of observable dwelling and location characteristics of
previous years. The top and bottom row refers to the actual values in the specified years. Dwellings refers to:
Indicators for the number of rooms, bedrooms, the decade of construction, plumbing facilities, and the heating
system type. States and CZs include indicators for the geographic entities, and demographics is the interactions of
the household type (single, a couple, a single parent, or non-related individuals) with indicators for the number of
children and adults (separately). The solid line contains weights accounting for all of these which were computed as
noted in the text, following |DiNardo, Fortin and Lemieux| (1996)) and [Fortin, Lemieux and Firpo| (2011)).

Figure A.7: Inequality in the Number of Rooms and Bedrooms Compared to Values
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NOTE: Inequality in the size of houses has not meaningfully increased since 1960. The Dashed line plots a Theil
Index of Inequality in the number of rooms or bedrooms, while the solid lines plot inequality in housing values and
rents. Inequality in the number of rooms and bedrooms is for the whole sample of houses — among both owners and
renters. The solid lines are the same as the Theil indexes plotted in Figure E
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Patterns of income and housing inequality over time and space suggest a considerable relation-
ship between the two. Between 1970 and 2012, the variance of log income increased by 0.26, while
the variance of log housing consumption increased by 0.09, consistent with an income elasticity of
0.59. As with the tract-level results, we explore the cross-sectional relationship between housing
and income across cities in Table and Figure

Figure shows a positive relationship between demeaned log real household-level income and
rents and equivalents, in keeping with an elasticity of roughly 0.8 in 2012. The horizontal axis shows
the variance of the log of household total incomes and the vertical axis shows the variance of logged
rents and their equivalent. Each dot represents a commuting zone and the radius is proportionate
to the population of the commuting zone. Overall there is a strong positive correlation of 0.48,
which implies an elasticity of 0.69 — matching previous micro estimates.

Additionally, Table shows that the relationship plotted in Figure is stable over time.
The table shows implied elasticities taken by computing the square root of the coefficient of the
relationship between the variance of the log of total household incomes and the variance of the log
of rents and their equivalent across commuting zones. Going back to 1970, the first year where
we have a similar measure of total household income, the relationship continues to match previous
estimates of the elasticity of housing demand with respect to income since it remains between 0.5
and 1.

Figure A.8: Income and Housing Inequality across Commuting Zones

Variance of logs of Rents and Equivalents
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Slope: 0.476

NOTE: Inequality in incomes accompanies inequality in rents and their equivalent across commuting zones. The
horizontal axis shows the variance of the log of household total incomes and the vertical axis shows the variance
of logged rents and their equivalent. Each dot represents a commuting zone and the radius is proportionate to the
number of (weighted) households in each commuting zone. The OLS regression line plotted incorporate these weights.
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Table A.3: Implied Household Income Elasticities

Rents and Equivalents
1970 0.95
1980 0.66
1990 0.54
2000 0.61
2012 0.69

NOTE: Each coefficient is the (re-signed) square root of the absolute value of the regression coefficient relating the
variance of the log of household wage income with the variance of the log of rents and their equivalent within each
commuting zone.

Figure A.9: Neighborhood Incomes and Housing Prices: All Available Years
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NOTE: The figure shows the robustness of Figure ?? by including additional years.
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E Neighborhood Home Ownership Rates

One important factor the keep in mind for the analysis of neighborhoods is that owner-occupied
housing tends to be in higher income neighborhoods. The fact is apparent in Figure which
plots the a binned scatterplot of share of houses that are owner-occupied (as opposed to rented)
in a neighborhood compared with the average of logged incomes in the neighborhood (in terms of
deviations from the national average). The relationship between income and ownership is generally
stable. However, the spreading of the distribution of income across neighborhoods leads to very
high ownership rates in the highest income neighborhoods in later years.

Figure A.10: Neighborhood Incomes and Home Ownership
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NOTE: Home ownership rates are higher in higher income areas, and the relationship is relatively stable over time.
These panels display binned scatter plots of neighborhood level average incomes and home ownership rates, based on
the number of rental and owner occupied units listed in Census summary tables. Note that there are compositional
changes in each year in terms of both the neighborhoods involved and the housing units covered (e.g. condos are
excluded in 1970). Incomes are logged, averaged, and put into deviations by subtracting the average of all logged
incomes. The reported beta is for the line of best fit in the underlying data.

So many neighborhoods are predominantly composed of owner occupied housing, particularly
in later years. Figure plots average home ownership rates by neighborhood for each year in
the sample. In early years home ownership rates are relatively evenly distributed, with a large
spike at zero. This could be due to the prevalence of city centers in the sample, and also the lower
rate of home ownership. In later years, culminating in 2017, however, there is an especially large
concentration of neighborhoods with home ownership rates very close to one.
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Figure A.11: Home Ownership Histogram
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NOTE: The sample of neighborhoods and housing units covered by tract level summary tables has become more
focused on owner occupied housing, and with a higher concentration of neighborhoods with very high home ownership
rates in later years. This may be due to increasing coverage of rural areas and to changes in the sample, to a lesser
degree. These panels display a histogram of home ownership rates across neighborhoods covered by census tract level
summary files across the years in the analysis. it is weighted by the number of housing units (houses and apartments)
in each neighborhood. Note that there are also compositional changes in terms of the housing units covered (e.g.
condos are excluded in 1970).

F Role of Housing in Driving Wealth Inequality

Growing inequality in house prices from 1970 onwards, documented in the previous sections, likely
maps into growth in inequality in overall wealth studied in the literature. Moreover, since housing
assets are used as collateral for mortgages, home equity loans, and lines of credit, households with
housing assets may purchase them by increasing leverage. As such, inequality in net positions in
housing may show larger inequality than those in gross positionsF’_?l To provide insight into the
quantitative importance of housing and housing-related debt in driving wealth inequality, we use
household-level data from the SCF which provides a comprehensive picture of household balance
sheets throughout the wealth distribution. Specifically, the data allow us to both net out housing
debt held against housing assets and compute the fraction of overall net worth comprised of housing

32%When a household owns a home with a mortgage, the mortgage issuer has a claim on the gross housing wealth.
These claims may, in turn, be sold or further collateralized and eventually held by other household, likely higher up
the wealth distribution. We focus here on home equity rather than indirect claims on housing assets for two reasons.
First, data on indirect claims are not readily available. Second, since houses are primarily purchased using debt,
capital gains always accrue to homeowner alone.
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wealth at various points in the distribution.

Using data from the SCF, Figure plots the Gini coefficient, Thiel index, and the standard
deviation of logs for gross housing wealth, home equity, and net Worth@ As with the Census data,
results from the SCF suggest inequality in gross housing wealth has risen since 1983. The increase
in inequality based on home equity appears to have been somewhat larger than the increase based
on gross housing wealth, suggesting that homeowners with lower overall wealth also have higher
leverage. While inequality in both net and gross housing wealth has risen, the change in inequality
in overall net worth appears somewhat larger.

To study the role of housing in driving rising wealth inequality, Figure [A.14] plots Lorenz Curves
for overall net worth along with the contributions from net equity in the household’s primary home
and net equity in other real estate. The overall Lorenz curves in each year (solid lines) are computed
as the fraction of aggregate net worth held by the lowest pth percentile of the net worth distribution.
The shaded regions show the fraction of this group’s net worth comprised of home equity in their
primary residence and other real estate respectively. At the 100th percentile, the charts show home
equity makes up just over 20 percent of overall net worth in the SCF, broadly consistent with
aggregate national statistics such as the Flow of Funds Accounts.

In the cross-section, home equity explains much of the inequality in housing wealth at the
middle of the wealth distribution, where housing wealth comprises a larger fraction of overall net
worth. Households at the top of the distribution are more likely to hold larger shares of their overall
wealth in other non-real-estate assets. Looking over time, housing wealth’s contribution to overall
wealth inequality appears to have diminished somewhat since 1983. This is evident from the fact
that the shaded region below the dashed line has fallen by more than the solid line at each quantile.
Moreover, the Gini coefficient for overall net worth can be decomposed into its contribution from
home equity as in Lerman and Yitzhaki (1985). Doing so suggests that home equity explained
roughly 20 percent of inequality in net worth in 1983, but has fallen to explaining only 16 percent
in 2013. The decline occurs because the decline in the share of net worth coming from home equity
outweighs the increase in inequality within home equity over this period.

33 All housing statistics apply to primary residence only. Gross housing wealth is the self-reported house price for
owner-occupied homes. Home equity is gross housing wealth less mortgages, home equity loans, and home equity
lines of credit secured with the respondent’s primary residence. Net worth is home equity plus all financial and
nonfinancial assets, less all household debts. Imputed values of pensions are included in all waves except 1983 and
1986.
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Figure A.13: Inequality in Home Equity
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NOTE: Each panel presents inequality measures for overall net worth, home equity (net housing wealth), and gross
housing wealth in the full SCF sample by wave.
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