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Introduction

House prices play a prominent role in explaining many macroeconomic phenomena including
business cycles, the decline in labor share, the slowdown in U.S. growth, the rise in wealth
inequality, and the stagnation of real wages.1 Yet the determinants of aggregate house price
movements remain mysterious. In this paper, we show that a simple measure of regional
divergence does a good job of explaining U.S. house prices over the last eighty years. We also
show that this finding is consistent with an intuitive model of the national housing market.
Our model builds upon several well-established facts of housing markets. Housing is an
asset, so the price of a house is related to the present value of its future expected rents
(Poterba, 1984). A significant fraction of the value of a house is due to its location (Davis
and Heathcote, 2007). Higher rents in a specific area reflect a premium to live there, so
states with higher income typically also have higher rents (Rosen, 1979; Roback, 1982). In
times of high regional income convergence, that premium is expected to erode, whereas when
there is regional divergence, the rent premium is expected to grow so house prices are higher.
These facts link income divergence to the cross-section of house prices. Because house prices
are systematically less volatile in low-income areas, in part due to an elastic housing supply
in those regions (Glaeser, Gyourko, and Saiz, 2008), regional divergence increases prices
in higher-priced areas a great deal while hardly decreasing prices in lower-priced regions.
Therefore, the speed of divergence matters for the average price of housing nationally.
Our measure of regional divergence, κt , comes from a regression of the 10-year growth
rate of U.S. states on their lagged per capita incomes. When the coefficient on lagged income
is positive, rich states are growing faster than poor states. Specifically, we estimate the κt ’s
1

See for example, Leamer (2007) for how housing is a leading indicator of business cycles, Mian and Sufi
(2009, 2011, 2012) and Mian, Rao, and Sufi (2013) for the effect of housing on the Great Recession, Rognlie
(2016) for the effects of housing on the decline in the labor share, Mahtani and Miller (2017) for the effect
of housing on the stagnation of real wages, Aladangady, Albouy, and Zabek (2017) for the effect of housing
on wealth inequality, Hsieh and Moretti (2015) and Herkenhoff, Ohanian, and Prescott (2018) for the effect
of housing on the slowdown of U.S. growth.
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using the following regression:

∆10 log(Per Capita Personal Incomest ) =

X

κt log(Per Capita Personal Incomes,t−10 )+ηt +st

t

where s denotes a U.S. state, t is a year, and ηt is a year fixed effect. Log Per Capita Personal
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Figure 1: Regional Divergence and Real House Prices. Nominal house prices come from
the Jorda, Shularick, and Taylor (2017) Macro History database and are deflated by CPI.
Regional divergence is measured in each year by a cross-state regression of 10-year growth
rates in per capita personal income (from the BEA) on 10-year lagged per capita personal
income. When it is higher, richer states are growing faster than poorer states.
The convergence measure is plotted, along with real U.S. house prices, in Figure 1.2 Consistent with the literature, divergence has risen over time and is now close to zero (Giannone,
2017; Ganong and Shoag, 2017). What is striking about Figure 1 is that regional divergence
parallels real house prices since before World War II.3
In the rest of this paper, we show why this relationship is so strong. Our theory relies
2

House prices are taken from the Jorda, Shularick, and Taylor (2017) Macro History Database, and are
deflated by U.S. CPI in that same database. See Knoll, Schularick, and Steger (2017).
3
We provide a more detailed description of this correlation in Appendix A.
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on two main arguments. The first is that differences in house prices across states are driven
by the differences in the present discounted value of rents across states, which in turn reflect
differences in the present discounted value of income. This assumption implies that crosssectionally, house prices should be increasing in wages, and that that relationship should be
stronger when there is more regional divergence. The data support these implications.
The second argument is that the increase in the dispersion of house prices increases house
prices overall. In regions that are growing, house prices will be bounded below by the cost of
construction, an assumption that is supported empirically. If construction anchors prices in
poorer regions, then any increase in dispersion will also raise the average. This argument also
implies that national rents should be related to the current dispersion of regional income, a
prediction we confirm in the data, and which we find interesting in and of itself.
If income divergence explains house prices, what explains income divergence? Following
Barro and Sala-I-Martin (1991), we believe that the most important factor is differences in
regions’ exposure to technological and industry-specific shocks. We provide evidence for this
using a shift-share measure to predict actual income growth using a combination of historical
regional industry shares and national industry growth. This measure predicts divergence
well. Our view that technological shocks matter for local incomes is also supported by
Giannone (2017).
Ganong and Shoag (2017) also point out that both regional divergence and house prices
have been rising.4 The main difference to this paper is that they propose a relationship in
which the causality runs the other way: high house prices due to supply regulations lead to
less regional convergence. In Section 5, we discuss ways to disentangle the two stories. A
key difference between the two models concerns the relationship between house prices and
migration. The model in Ganong and Shoag (2017) implies that populations should flow
away from places with rising house prices, whereas our model implies the opposite. The
relationship between price fluctuations and migration appear to support our model more
4

They note that both variables have been trending upward, but we believe we are the first to document
the close relationship in the time series between these two series.
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strongly. However, while we think our story is the primary reason that house prices and
divergence are related, we do find support for one of the main points of Ganong and Shoag
(2017), that housing supply elasticities have declined over time.
Most closely related to our work is Van Nieuwerburgh and Weill (2010), which shows
that income changes can help explain why house price dispersion increased from 1975 to
2007. We build on what they do, showing that regional divergence also affects house price
dispersion through the expectation of future income divergence, and we also tie house price
dispersion to house prices overall.
A recent literature has focused on explaining the 2000’s housing boom, focused mainly on
the expansion of credit and speculation. For example, Kaplan, Mitman, and Violante (2017)
shows the importance of expectations to explain house price movements in a calibrated DSGE
model, and Mian and Sufi (2018) show that changes in credit supply affect expectations
which affect house prices at the micro-level. Our paper provides highlights a critical reason
for changes in expectations, based on recent economic growth. We do not think that our
findings in any way suggest that credit does not play a role in explaining the cross-sectional
house price movements, and that credit could have a large effect on the aggregate if it changes
expectations along the right dimensions. However, our measure of regional divergence does
explain a large chunk of the recent boom, consistent with the fact that income explains much
of the cross-sectional variance and changes in house prices (Van Nieuwerburgh and Weill,
2010).
Several papers have studied how a national housing demand shock heterogeneously affects
different regions (Mian and Sufi, 2009, 2011; Mian, Rao, and Sufi, 2013; Guren, McKay,
Nakamura, and Steinsson, 2018). Because there is a positive association between local house
prices and local consumption, several papers have found that increases in regional or national
house prices cause higher economic activity in inelastic areas.5 Some implications of this
are closely related to our findings, but we can again distinguish our channel by focusing
5

Inelastic areas are highly correlated with richer areas.
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on migration. National housing demand shocks, coming from changing tastes or changing
credit availability, for example, predict that populations should increase more in the poorer,
more-elastic areas of the country.6 But in the data, populations increase in rich areas during
times of high regional divergence, as our channel implies. Of course, a positive effect of house
prices on consumption would amplify our channel, because richer states would grow even
faster when their house prices increase.
For our channel to predict the empirical result shown in Figure 1, there must be a close
relationship between past divergence and expected future income divergence. Estimates
using a survey of household income expectations support such a relationship. In particular,
a divergence measure that uses expected income changes rather than past changes is very
similar to Figure 1. This is expected because of the high persistence of regional income
growth shocks, as measured by Glaeser and Nathanson (2017) and Head, Lloyd-Ellis, and
Sun (2014). The former paper also provides evidence that housing price expectations are
affected by recent experiences, which is analogous to our assumption about recent income
experiences and income expectations.7
In addition to research on income convergence, our paper is related to the large literature
on house prices and expectations. Several papers, such as Case and Shiller (1988), have
linked realized house price growth to expectations of future house prices. We contribute to
the literature on house price expectations by showing a theoretical and empirical relationship
between house prices and expectations of future incomes, rather than prices per se.
6
There are two reasons for this. One is that if housing demand increases, areas with cheap housing
become more attractive. Second, if there is a general increase in housing demand, cities with elastic housing
supply are better able to expand their housing stock. While it is theoretically possible that the change in
local economic conditions is so strong that it overwhelms the direct effect of a change in housing demand,
this indirect channel would have to be implausibly large compared to existing empirical estimates.
7
Rozsypal and Schlafmann (2017) and Nagel (2012) show further evidence that expectations are influenced
by recent income experience. Kwan and Cotsomitis (2004) demonstrates that it does carry over into real
behavior.
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Theory

The mechanism through which regional divergence causes high house prices is illustrated in
the following toy model. Consider two regions, i ∈ {1, 2}, where Region 1 has higher income.
Consumers are risk-neutral and we assume there are no bubbles, so house prices are given
by the present discounted value of rents:

pt,i =

∞
X
s=t

1
rs,i
(1 + R)s−t

(1)

In each period, perfectly mobile consumers with Cobb-Douglass utility over a tradable good
and housing choose where to live, which determines their wages, leading to the following
indifference condition:8

log wt,1 − α log rt,1 = log wt,2 − α log rt,2

(2)

Wages converge exponentially in logs by parameter κ, which corresponds to the regional
divergence line in Figure 1, divided by 10.

log wt,1 − log wt,2 = (1 + κ)(log wt−1,1 − log wt−1,2 )

(3)

Finally, in Region 2, house prices are given by the cost of construction, which we normalize.

p2,t ≡ 1

(4)

Proposition 1: Average house prices are increasing in κ.
Proof: By (1)-(4), house prices in Region 1 are given by
∞

p1,t
8

1+RX
1
=
R s=0 (1 + R)s−t



w1,t
w2,t

(1+κ)s−t /α

This indifference follows in the footsteps of Rosen (1979) and Roback (1982).
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(5)

That expression is increasing in κ. Because house prices in Region 1 are increasing in κ, and
house prices in Region 2 are constant, overall house prices are also increasing in κ.
If

w1
w2

≈ 1, then we can approximate the change in log house prices:

log

p1
1 R
w1
≈
log
p2
αR−κ
w2

So as κ increases, we would expect house prices to increase as well, and if it gets close to
R, the effect would be stronger. In our model, there is only a small role for R to play in
explaining house price movements, and the effect of the interest rate on house prices changes
signs depending on κ.
Proposition 2: Fix the wage growth of city 1. Suppose city 1 has positive housing
supply elasticity,9 and that the housing market clears. Then population growth in city 1 is
increasing in regional divergence.
Proof: The growth rate of housing supply of city 1 is increasing in p1 , so therefore is
increasing in κ by Proposition 1. At the same time, the growth rate of r1 is increasing in
κ, so the growth in per capita housing is slowing. Because growth rate of total housing is
larger and the growth rate of per capita housing is smaller, the growth rate in population
must be higher.
Proposition 2 is important because it will help us distinguish our story from reverse
causality, which hinge on the idea that regional divergence is high because population movements to city 1 are low.

3

Regional Divergence

In the next two sections, we show empirical support for our theory. First, in this section,
we focus on the causes of regional divergence and its effects on expectations. In the next
9

We define positive elasticity to mean that the growth rate of housing quantity is increasing in the price
of housing.
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section, we focus on how regional divergence affects the housing market.
This section shows two important facts about regional divergence. First, we show that a
shift-share measure of divergence created using historical industry exposure is very similar
to the main divergence measure. This finding reduces concerns that our findings are due
to contemporaneous location-specific factors, such as changes in housing regulation, and
justifies treating it as an exogenous variable in our model. Second, we construct a measure
of expected divergence from survey data on consumer expectations and show that actual and
expected divergence are similar.
Regional divergence is an inherently aggregate phenomenon, making it difficult to identify its origins. We think the major factors behind regional divergence are determined by
a combination of technology and factors exogenous to the United States. For example, Giannone (2017) demonstrates that skill-biased technological change can explain much of the
decline in regional convergence since 1980. Barro and Sala-I-Martin (1991) argue that many
of the fluctuations in regional convergence can be explained by nation-wide industy changes,
such as oil in the 1980s. Acemoglu and Restrepo (2017) or Autor, Dorn, and Hanson (2013)
document large geographic differences in the technological effects of robots and the effects
of Chinese import competition.
To study the role of industry composition, we use a shift-share methodology to predict
each state’s GDP growth using only lagged industry shares and national rates of growth
per employee by industry.10 This measure thus purges from the divergence measure any idiosyncratic, location-specific factors, such as local changes in local housing supply regulation
or local construction costs. Panel regressions of 10-year state income growth on predicted
10

We measure national industry GDP and employment at the national and state levels using historical
data from the BEA. For each state and each year, we multiply 10-year national industry growth rates by
10-year lagged industry shares of state GDP and sum this over all industries to predict state GDP growth
per employee. National industry GDP data is available from 1947, so 1957 is the first year we can measure
10-year industry growth rates. Industry-specific regional accounts data is not available before 1963, however,
so we use 1963 industry shares for 1957-1963. Because SIC industry data is not available after 1997, we use
the SIC-NAICS concordance file created for Autor, Dorn, and Hanson (2013) to concord industry GDP and
employment. This file, which is available on David Dorn’as web site, is concordance from 6-digit NAICS codes
to 4-digit SIC codes, which we aggregate to the level of NIPA industries using NAICS national employment
by industry in 1998 .
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growth have an R2 of 0.77, which increases to 0.91 with year fixed effects, suggesting that
income growth is mostly explained by industry exposure.
We also use predicted income growth instead of actual income growth to measure regional
divergence. We do this using the same equation as before but with predicted income plugged
in for realized income. The actual and predicted divergence series, shown together in Figure
2, are similar to each other.11 Interestingly, the early-2000s housing boom and bust is
predicted a few years in advance by the shift share measure.12 Overall, we believe the
evidence suggests that industry-specific shocks actually explain regional growth quite well.
The similarity of the shift-share measure of divergence and the measure of actual regional
divergence has two implications for understanding what causes divergence. First, it provides
support for the view that plausibly-exogenous industry changes are an important factor.
Second, it means that our results would also be hard to explain from contemporaneous,
region-specific factors alone, like changes in regulation.
What ultimately matters for the mechanism described in Section 2 is not realized divergence, which is easily measurable, but expectations of future regional divergence, which are
hard to measure. Ideally, we would have expectations data for the growth rates of multiple
states from the same person. If this data exists, we are not aware of it. Instead, we compare
expectations of future personal income growth across people in different states. We find that
this measure of expected divergence is closely related to actual divergence, providing support
for our mechanism.
The data on expected incomes comes from the Michigan Survey of Consumers. This
nationally-representative consumer survey provides, to the best of our knowledge, the longest11

Dropping sectors related to housing, i.e. construction and real estate finance, does not change the results
visually. Neither does using a “leave-one-out” construction. However, our state-industry level data begins
in 1963, so we cannot construct a “leave-one-out” measure before 1973, and therefore show the shift-share
based on national shifts, including the state’s own contribution. Graphs of these alternative measures are in
the Appendix.
12
Another difference between the shift-share measure and the actual measure is that the shift-share predicts
more divergence at the beginning of the sample than actually occurred. This is probably an artifact of the
data construction: The pre-1973 divergence estimate uses pre-1963 shift shares, which use future industry
composition, as described in Footnote 10.
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Figure 2: Regional GDP Divergence and Shift-Share Prediction of GDP Divergence. Regional GDP divergence is measured in each year by a cross-state regression of 10-year growth
rates in per capita personal income on 10-year lagged per capita personal income. Predicted
divergence in GDP per employee is measured using a cross-state regression of 10-year growth
rates in predicted GDP per employee on lagged 10-year per capita income, where predicted
GDP per employee is created using a shift-share methology.
running measure of household income expectations and consumer sentiment in the United
States. It includes several questions about recent and expected household incomes, business
conditions, employment, etc., and has done so since 1978. We use a custom, respondent-level
sample of households’ income expectations for the next year. The respondent-level data is
aggregated to a panel of state-by-year income expectations, which we take a running average
of to smooth.13 We then create a measure of expected income divergence that is analogous
to our measure of realized income divergence but uses expected rather than actual income.
Specifically, we regress the expectations of future personal income growth on lagged ten-year
state income and take the coefficients from each year.
13

The specific question we use asks “By about what percent do you expect your (family) income to
(increase/decrease) during the next 12 months?” This question is known as INEX in the survey. We drop
DK and missing values and censor the remaining observations at the 90th percentiles, and then take stateby-year averages weighted by sample weights. Our estimates are robust to censoring at other values. After
taking the state-by-year average of income expectations, we calculate the centered, 5-year running average
of the series. The results are very similar with running averages using fewer or more years.
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Our divergence expectations measure is shown in Figure 3. Expected divergence is very
similar to realized divergence for the years that both series are available. One reason for this
is that households may correctly understand that local income shocks are persistent, and
therefore use recent income growth to project future income growth. Evidence from both
psychology and economics suggests that households form expectations in an extrapolative
way in many domains (Bordalo, Gennaioli, and Shleifer, 2018). While extrapolation may not
always be rational, it is a very reasonable way for households’ to form expectations of future
income in particular, because local income shocks are persistent (Glaeser and Nathanson,
2017; Head, Lloyd-Ellis, and Sun, 2014). For this reason, we do not find it surprising that
expected and realized divergence are so similar. Nonetheless, the similarity of these lines is
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important because it gets to the heart of our mechanism.14
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Figure 3: Regional Divergence and Expectations of Future Regional Divergence. Divergence expectations are created by regressing one-year income expectations on 10-year lagged
incomes. Income expectations are from the Michigan Survey of Consumers.
14

An obvious feature of Figure 3 is that expectations are higher than regional divergence. We do not take
a stand on why these are generally higher, but it is helpful later in explaining that the regression of house
prices on income leads to a higher coefficient in most years than the regression of rents on income. See
R
Figure 4. The ratio of these should be R−κ
, which is bigger than one only if the expectations of future κ are
positive.
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House Price Dispersion

The second part of our argument is that expectations of future regional divergence lead to
more disperse and higher house prices. We break this claim into three predictions, check
these three predictions in the data, and find that all three hold. We do not know of previous
research which has made or verified the first or third predictions. The second prediction is
not surprising given other work done on housing supply elasticities (e.g. Saiz, 2010), but we
are not aware of other papers that have focused on income.
Prediction 1. The cross-sectional relation between house prices and income should be
positive, and should be more positive when κ is high. We would expect a less-volatile positive
relationship with rents.15
Prediction 2. House prices in poorer areas should be less volatile than those in richer
areas, and when the difference between high income and low income house prices are higher,
average house prices are higher.
Prediction 3. The cross-sectional dispersion of income should be a good predictor of
national rents. This is because, like house prices, rents in poorer more-elastic areas are not
volatile, so when dispersion increases, the average rent does as well.
Prediction 1 is shown in Figure 4. The orange line is created by regressing log house
prices on 10-year-lagged log income, year-by-year, and plotting the coefficient.16 From 19402000, we use Census data on median house values, and from 1975-2016, we use the housing
series created by Davis and Heathcote (2007). The thick gray line is regional divergence,
measured as in Figure 1. The regression coefficient, as expected, has been trending up over
time, similar to regional divergence, and boomed in the early 1990s and the 2000s, as did
regional convergence and house prices. Income is thus a good predictor of house prices. The
R2 of a regression of prices on income within a given year is typically about 0.5, and every
15

If rents were truly only a flow value, they would not be expected to move at all. But since a rental
contract typically does bind a renter to a location for some amount of time, and other moving costs exist, it
may fluctuate a little bit.
16
We use ten-year lagged income to lessen correlations due to reverse causality, but the results are similar
using current log income.
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Figure 4: Regional Divergence and House Price Dispersion. House Prices come from the
Census (dashed line) or from Davis and Heathcote (2007) (solid line). Gross rents come
from the Census (dashed line) or from the American Community Survey (solid line).
year is statistically significant with p < 0.001. While rents have also fluctuated in similar
ways, their fluctuations are much smaller.
For Prediction 2, we look at movements in house prices since 1975 in different counties.
Using BEA statistics, we split counties into four bins (roughly equal in population) by their
per capita income.17 Figure 5 reveals that house prices in the poorest quartile have increased
much less and are much less volatile that prices in the middle quartiles, and especially
compared to the richest quartile. In fact, real house prices for this quartile in 2016 are 2.5
percent higher than they were in 1975, and the most they changed was 22 percent in 2007.
The assumption that house prices in poorer areas are pinned down by construction costs
is supported by the fact that these areas have a more elastic housing supply. Howard and
Liebersohn (2018) construct a measure of the elasticity of house prices for every commuting
17
By using counties, we can capture a lot more disaggregated variation. The same picture holds true
for states, but there are larger differences with counties. The FHFA does not keep data on every county,
especially going all the way back to 1975, so there is certainly some bias because larger and richer counties
are more likely to show up in the sample. The line for the poorest quantile would likely be even flatter if
this data were available.
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zone in the United States, which we use. Consistent with what we would expect based on
Figure 5, we estimate a correlation of -0.5 between average housing supply elasticity and log
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average state income, indicating that housing supply is more elastic in lower-income states.
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Figure 5: House price movements by quartile of per capita income in 1975. Per capita income
measured by the BEA. House price indices from the FHFA, deflated by CPI.
Prediction 3 is shown in Figure 6. To measure dispersion, we simply use the standard
deviation of log income across states, within a year.18 This is shown in orange. In green, we
show the CPI measure of rent of primary residence, normalized by overall CPI. These lines
follow one another since the 1930’s. We find this result to be particularly interesting in and
of itself. It also strongly supports our central claim because it shows income dispersion has
important implications for the levels of rents, and therefore expectations of future dispersion
should have important implications for current house prices.
18
Our model does not specify a specific measure of regional income dispersion. Various other measures
have very similar trends.
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Figure 6: Income Dispersion and Rental Prices. Per capita personal income by state comes
from the Census, and dispersion is calculated as the within-year standard deviation. Rents
come from the BLS, and are normalized by CPI.
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Disentangling Reverse Causality

Ganong and Shoag (2017) and Herkenhoff, Ohanian, and Prescott (2018) present models in
which housing supply regulations cause high house prices, which slows regional convergence.
Both papers note the long-term trends in the two series and interpret the causality in reverse
of the theory presented here. Some additional facts are helpful to help disentangle our story
from theirs. Furthermore, the facts that we discuss show that the theories behind Mian and
Sufi (2009), and Guren, McKay, Nakamura, and Steinsson (2018) cannot completely explain
our results.
Fact 1. Population moves towards richer states when regional convergence is low. For the
models in Ganong and Shoag (2017) and Herkenhoff, Ohanian, and Prescott (2018), building
on Blanchard and Katz (1992), the story is that high house prices prevent adjustment, i.e.
people cannot move to high income areas. In contrast, in our model, times of higher regional
divergence are exactly when people most want to move to richer areas. So if population

16

grows more in richer states during times of regional divergence, it would support our story,
whereas if population grows less in richer states during times of regional divergence, it would
support their story.
As it turns out, in Figure 7, population movements are towards richer states exactly at
times when house prices and regional divergence are highest. The series in green consists of
the coefficients of the regression:

∆10 log Population Changest =

X

βt log Per Capita Personal Incomes,t−10 + ηt + st

t

When this series is high, people are moving to high income states. While it is true that population movement toward high income states has declined over the entire time, the fluctuations
support our story. People move to high-income areas when there is regional divergence, especially in the late 1980s, and a smaller bump during the 2000s, and again during the most
recent rise.
A related story is that higher house prices have caused additional sorting, leading to
regional divergence because more productive workers live in more expensive areas. To see if
this might cause our results, we look at the population movements of only people over 25
without a college degree. We run the same regression but use an estimate of the population
over 25 with less than four years of college.19 Interestingly, there is no bump during the 2000s,
but a large increase in the last few years of the data, during the latest regional divergence
and increase in house prices. So while there has been more sorting in recent years, we do
not think that it corresponds well to some of the more high-frequency movements in either
regional convergence or house prices.
We also provide some evidence that is consistent with Ganong and Shoag (2017). Figure
7 shows that overall migration has trended down since about 1980, even as both house prices
and overall divergence have increased. These patterns are consistent with their finding that
19

We use data from the CPS to estimate the share of people that fit both those categories, and multiply
that by the population estimates.

17

restrictions on construction have both raised house prices and decreased net migration.
Fact 2. Regional divergence is a leading indicator of house prices. This makes sense
if regional divergence helps people form expectations of future rents. It would be hard to
reconcile with reverse causality. This fact is most apparent in the recent boom, where the
regional divergence line rise and peaks before aggregate house prices. To make our claim
about timing more formal, we run a vector auto-regression and do a Granger causality
test. For this test, we use a different version of regional convergence that is noisier but less
backward looking, regressing one-year changes in log per capita personal income on a one-year
lag of log per capita personal income. Because that measure and real house prices are nonstationary, we take first differences and run a VAR, using six lags as selected by the Akaike
Information Criterion (Akaike, 1974).20 We reject the hypothesis that regional divergence
does not Granger-cause house prices with p = .002. We cannot reject the hypothesis that
house prices do not Granger-cause regional divergence.
Fact 3. Under the reverse-causality story, we would expect the rent-income gradient to
be as steep as house prices. This is because these models make the same predictions for
rents as for house prices. In reality, the rent-income gradient is not as steep as the house
price gradient, as we showed in Figure 4. Our theory correctly predicts a bigger movement
in house prices than rents.

6

Conclusion

The main result of our paper is that aggregate U.S. house prices and regional divergence
move together in the time series. We explain this with is an asset pricing framework in which
housing in high-income areas is more valuable if the rest of the country is not expected to
catch up. We present evidence for this theory and show that alternative theories cannot
explain all of the available facts.
In addition to providing a new explanation for aggregate house price movements, this
20

The Granger causality test gives a p-value less than .02 for all lags between 2 and 20 years.
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Figure 7: Regional Convergence and Population Movements Toward Higher Income States.
Income movement series comes from a regression of population flows on lagged per-capita
incomes.
paper provides a new understanding of macroeconomic phenomena that are directly impacted
by housing. As an example, it cements the importance of house prices for inequality. In the
toy model, if the averge income is always 1, then the welfare of consumers is decreasing in
κ, meaning that as regional divergence increases, the welfare of non-homeowners everywhere
declines. All of the declines are a transfer to homeowners in Region 1.
Another area our paper sheds light on is the role housing plays in business cycles. Several
recent papers have argued that housing wealth affects aggregate consumption and hence
income. By contrast, in our model, house prices are related to expectations of future income,
which is an alternative channel mechanism whereby house prices and income may be linked.
Interactions between these channels may be a fruitful area for future research.
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A

Measuring Regional Divergence

In this appendix, we show the robustness of our measure of regional divergence, and explore
the main causes. We begin by studying the timing of the relationship between house prices
and regional divergence. Our findings suggest that the correlation between divergence and
prices has remained strong throughout the sample period, but that at some times, one series
has led or lagged the other. The visual evidence in Figure 1 suggests that during the 2000s,
house prices responded more to regional divergence than during the 1940s and 1950s, but
that they did so with a greater lag. Possible reasons for this may include changes in how
households form expectations and changes in the persistence of income or housing market
shocks.
Are our results robust to varying the time period? We investigate the timing and magnitude by measuring the correlation between divergence and house prices using a variety
of lags and in several time periods, shown in Table 1. The correlations in Panel A show
the relationship between contemporaneous house prices and 10-year divergence, and we separately estimate this correlation for the entire sample period as well as three sub-periods
of equal length. The correlation increased from 0.38 during the 1939-1964 period to 0.81
from 1991-2018, and the correlations in all three sample periods statistically significant at
conventional levels.21
Next, we ask what lag structure most closely matches the observed relationship between
house prices and divergence during each period. To answer this, we estimate pairwise correlations between convergence and house prices at a variety of leads and lags and, in each
time period, selected the convergence measure with the highest correlation. These results
are shown in Panel B. As implied by the visual evidence in Figure 1, house price changes
precede changes to regional divergence during the earliest years that data are available, but
move nearly contemporaneously in more recent years.
Because the divergence measure is backwards-looking, the estimates in Table 1 do not
21

We find a similar pattern in linear regression estimates.
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imply that house price changes precede changes in regional divergence. Indeed, formal tests
described in Section 5 imply that they do not. What the estimates do show is that the relative
timing of the two series has changed even as their relationship has remained statistically and
economically significant.
Table 1: Correlation Between National House Prices and Regional Divergence
(1)
(2)
(3)
(4)
1939-2018 1939-1964 1965-1990
1991-2018
A. Correlations With 10-Year Divergence
Pairwise Correlation
Significance Level
Divergence Lag Years

0.76
0.00
10

0.38
0.06
10

0.51
0.01
10

0.81
0.00
10

B. Correlation With Maximum-Correlation Divergence
Pairwise Correlation
Significance Level
Lag on Prices
Years

B

0.75
0.00
2

0.70
0.00
6

0.55
0.00
3

0.89
0.00
-1

78
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Robustness of Shift-Share Growth

In this appendix, we show two other measures of shift-share growth similar to Figure 2, that
address potential concerns about exogeneity. In the first, shown in Figure 8, we exclude real
estate finance and construction sectors from the orange line, while the green line is exactly
the same. Given these lines are hardly distinguishable from one another, we conclude that
trends in the real estate sector are unlikely to be driving the co-movement between regional
divergence and house prices.
In Figure 9, we would like to show the same shift-share growth, but using only the growth
rates in other states, instead of the national rates. Unfortunately, we do not have a long panel
of state-by-year-by-industry employment data we would need to do this, since we calculate
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Figure 8: Shift Share Divergence Prediction, Primary Measure and Without Real Estate.
The shift share measure without real estate is created in the same way as the primary
measure, but excludes the real estate finance and construction sectors when calculating
state industry GDP shares.
industry growth rates using GDP per employee. What we can do is construct this measure
using growth rates of GDP. While it will not be the same as the predicted divergence we
present in the main text, it will give us a sense if using a leave-one-out methodology is likely
to change our results. The green line is the predicted divergence using GDP growth instead
of GDP-per-employee growth. Many features are similar, although it does a less good job of
tracking actual regional income divergence. In orange, we construct the measure using the
leave-one-out methodology. These lines are quite close, so we conclude that using a leaveone-out methodology is unlikely to change our impression that much of regional divergence
is because of industrial change.
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Figure 9: Shift Share Divergence Prediction and Leave-One-Out Measure. The leave-one-out
shift share measure without real estate is created in the same way as the primary measure,
but excludes each state’s own industries when calculating national GDP growth by industry.
The leave-one-out measure is only available from 1973 onwards, because this is when stateby-industry GDP data becomes available (the primary measure uses 1963 industry shares
when predicting pre-1963 growth).
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