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Abstract

The past thirty years have seen a dramatic decrease in the rate of income convergence across states and

in population flows to wealthy places. We develop a model where migration drives convergence and its

disappearance. The model predicts that increases in housing prices in rich areas generate (1) a divergence

in the skill-specific returns to productive places, (2) a redirection of low-skilled migration, (3) diminished

human capital convergence, and (4) continued convergence among places with unconstrained housing

supply. Using a new panel measure of housing-supply regulations, we confirm these predictions and the

role of housing in the end of convergence.
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1 Introduction

The century-long convergence in per-capita incomes across U.S. states from 1880 to 1980 is one of the
most striking relationships in macroeconomics.1 During this period, incomes across states converged, on
average, at a rate of 1.8% a year.2 This relationship is so strong that the same convergence relationship can
essentially be recovered by comparing any subset of states. This negative correlation between initial income
and subsequent growth held within most sub-periods as well. The average per-capita income in Connecticut
was 4.37 times larger than the average per capita income in Mississippi in 1940. By 1960 that ratio had
fallen to 2.28, and it fell again to 1.76 by 1980.

During the last thirty years this relationship has weakened considerably, as documented at the metro-area
level by Berry and Glaeser (2005).3 The top two panels of Figure 1 plot the relationship between income
growth and initial income for the periods 1940-1960 and 1990-2010.4 While both periods show a negative
correlation, the slope of the convergence relationship fell by more than 50%, and the R-squared fell from
0.90 to 0.16. The income gap between Mississippi and Connecticut declined for over a century; over the past

∗Email: ganong@fas.harvard.edu (Harvard University) and dan_shoag@hks.harvard.edu (Harvard Kennedy School). We
would like to thank Marios Angeletos, Robert Barro, George Borjas, Gary Chamberlain, Raj Chetty, Gabe Chodorow-Reich,
Bob Ellickson, Emmauel Farhi, Bill Fischel, Dan Fetter, Edward Glaeser, Claudia Goldin, Joe Gyourko, Larry Katz, and
seminar participants at Harvard, Tel Aviv, Bar Ilan, and the NBER Summer Institute for their valuable feedback. Shelby
Lin provided outstanding research assistance. We thank Erik Hurst for alerting us to the end of regional convergence
and spurring us to work on an explanation. Peter Ganong gratefully acknowledges residence at MDRC when working on
this project and funding from the Joint Center for Housing Studies and the NBER Pre-Doctoral Fellowship in Aging and
Health. Daniel Shoag and Peter Ganong gratefully acknowledges support from the Taubman Center on State and Local Gov-
ernment. Animations illustrating the changes in income convergence, directed migration, and regulations can be found at
http://www.people.fas.harvard.edu/~ganong/motion.html.

1See Barro and Sala-i Martin (1992), Barro and Sala-i Martin (1991), and Blanchard and Katz (1992) for classic references.
2A one-log point increase in average state per-capita income in 1880 is associated with .84 log points lower growth over the

next 100 years as shown in Appendix Figure 1. This implies a rate of annual convergence β = −ln(1−.84)
100 = .018.

3See also chapter 2 of Crain (2003) and Figure 6 of DiCecio and Gascon (2008).
4Throughout the analysis, we omit Alaska and Hawaii, because migration between these states and the continental U.S. is

more difficult. Our results are not sensitive to these restrictions.
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thirty years the income gap has remained constant. The residents of Connecticut have average incomes 1.77
times the average in Mississippi today.

The change in this relationship can be seen in the bottom panel of Figure 1. In this panel, we plot
the convergence relationship (change in log income on initial log income) for rolling twenty-year windows.
The slopes of the twenty year windows 1940-1960 and 1990-2010 are highlighted. This figure shows that
the convergence relationship was quite strong through 1980, with a convergence rate of 2.1% per year. In
the last thirty years, this pattern has largely disappeared. From 1981 to 2010, the annual convergence rate
averaged less than 1%, and in many of the years leading up to the “Great Recession” there was essentially
no convergence at all.5 Similarly, the standard deviation of log income across states fell through 1980, and
then held steady (Appendix Table 1).

During the period of strong convergence before 1980, population flowed from poor to rich states, and
changes in population were well-predicted by initial income. Figure 2 plots the relationship between the
twenty year changes in log population and initial log income per-capita for the period 1940-1960. Over
those decades, initial income per capita was associated with significantly higher population growth rates.
For example, California, and Nevada had high average incomes and grew extremely quickly. However, the
positive relationship between income and population growth is not driven by these two states alone. It
remains large and significant in their absence, as other rich states such as Maryland, Connecticut, and
Delaware all experienced faster than average population growth.

The top panel of Figure 2 plots the same relationship for the period 1990-2010. As is evident in the figure,
population no longer flows to richer states. In the bottom panel of Figure 2, we plot the extent of directed
migration (change in log population on initial log income) for rolling twenty-year windows. The slopes of
the twenty year windows from 1940-1960 and 1990-2010 are highlighted, as in the convergence relationship
figure. Figure 2 shows that directed migration was quite strong in the period prior to 1980, where a doubling
of income was associated with a 1.46 percentage point higher annual growth rate in population. In the last
thirty years, this pattern has largely disappeared. From 1981-2010, the average slope of population growth
rates on initial log income was just 0.29. As an example, from 2000 to 2010, Utah’s population grew by
24%, wheareas Massachusetts’s populaion grew by just 3%. This occured even though per capita incomes in
Massachusetts were 55% higher in 2000.

In this paper, we argue that labor mobility played a central role in income convergence and its disap-
pearance. Past literature has focused on the role of capital, racial discrimination, or sectoral reallocations.6

We build on an older tradition of work by economic historians (Easterlin (1958) and Williamson (1965)) as
formalized by Braun (1993), in which directed migration drives convergence. By adding elastic labor supply
and human capital to Braun’s model, we are better able to measure the impact of migration on wages. With
this improved measurement, we show changes in observed migration can account for the observed change in
convergence.

Over the past fifty years, the difference in housing prices between rich and poor areas has become
increasingly large relative to the differences in income (Van Nieuwerburgh and Weill (2010), Glaeser et al.

5Table 2 shows these coefficients with standard errors on a decennial basis. The strong rate of convergence in the past as
well as the decline today do not appear to be driven by measurement error. This measure demonstrates that the estimated
decline in convergence rates is not due to a reduction in the variance of initial incomes relative to a stationary shock process.
When we use the Census measure of state income to instrument for BEA income, or vice-versa, we find similar results. The
decline also occurs at sub-state geographies, using data from Haines (2010) and U.S. Census Bureau (2012).

6See Barro and Sala-i Martin (1992), Caselli and Coleman (2001) , Michaels et al. (2012), and Hseih et al. (2012).
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(2005b)). In 1960, a 1 log-point increase in income in the cross section was associated with an approximately
1 log-point increase in housing prices. By 2010, this slope had doubled. Housing prices now capitalize a
greater fraction of the income differentials across places.

This changing price-income relationship has important implications for income convergence in our model.
Low-skilled workers are especially sensitive to changes in housing prices, and the model predicts that the ob-
served changes in the housing market will redirect low-skilled migration. We validate the model’s predictions
by showing that in recent years (1) the real returns to migration to productive places have fallen dramatically
for low-skilled workers but have remained high for high-skilled workers, (2) high-skilled workers continue to
move to areas with high nominal income, and (3) low-skilled workers are now moving to areas with low
nominal income but high real income net of housing costs. As a result, there are lower net population flows
to productive places and a divergence in skill levels that slows income convergence.

These three predictions are generated assuming an exogenous increase in housing prices in productive
areas. To better understand the effects of housing price increases, we construct a new measure of regulation
that can instrument for housing prices. Our measure is a scaled count of the number of decisions for each
state that mention “land use”, as tracked through an online database of state appeals court records. Changes
in the regulation measure are strongly predictive of changes in housing prices, and we validate this measure
using existing cross-sectional survey data. To the best of our knowledge, this is the first panel measure of
land use regulations in the United States, and the first direct statistical evidence linking regulation increases
to price increases. Using this measure, we can connect the entire causal chain outlined in the model in a
well-identified manner. High land use regulations weaken the link between high incomes and new housing
permits. Income differences across places are capitalized into prices. These price increases weaken human
capital convergence and prevent net migration to rich areas with high regulation. Income convergence persists
among places unconstrained by these regulations, but is diminished in areas with supply-constraints.

Understanding convergence and its disappearance is important for macro, labor, and urban economists.
The existing literature in macroeconomics typically attributes convergence among U.S. states to capital
accumulation or technological changes, and this paper adds for labor mobility as an important mechanism
in equilibrating productivity differentials. Our results touch on two key issues in labor economics: we show
substantial labor migration in response to economic incentives, and our results are consistent with a fairly
large elasticity of labor demand. Urban economists have done substantial work analyzing the consequences
of recent housing price increases; we add to this literature by constructing the first panel measure of land use
regulations, documenting systematically the increase in building regulation, and highlighting a previously
unrecognized consequence of these price increases.

The remainder of the paper proceeds as follows. Section 2 develops a formal model to explore these
issues. In Section 3, we test the model’s empirical predictions. Section 4 introduces a new measure of land
use regulation, and Section 5 considers alternative explanations and discusses how our supply constraints
explanation complements the existing literature. Section 6 concludes with a summary of our findings and a
discussion of economic implications.
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2 Model of Regional Migration, Housing Prices, and Convergence

We develop a model to explore how regional migration and housing markets affect income convergence. In
our model, local economies differ in productivity and initial skill level. “Productiveville” pays workers their
marginal product, and initially its workers are relatively high-skilled. Every worker lives on one plot of land,
the supply of which is perfectly elastic. We develop and solve a general equilibrium model for this local
economy.

Next, we consider the interregional allocation of labor. Once we allow migration, labor inflows into
Productiveville drive down the average skill-level and the average wage. These declines lead to regional
convergence. We prove a theorem explaining how an increase in housing prices in Productiveville differentially
deters low-skilled workers from migrating there. If the elasticity of land supply falls, housing prices rise, and
migration flows become smaller and biased towards high-skilled workers. These changes lead to the end of
convergence.

Our model makes two important departures from the standard framework in which workers are indifferent
across places (Roback (1982)) and output is determined by a neo-classical production function utilizing
capital and labor. Both of these departures closely echo the work of Braun (1993), who solves a dynamic
model with costly labor migration from unproductive to productive places. In his model, migrants generate
congestion in public goods that drive down regional incomes.7 We add heterogeneous skill types and model
congestion through the land sector, both of which closely fit the empirical facts for the U.S. convergence
experience.

Finally, while we use this model for calibration, our empirical analysis does not rely upon the functional
forms developed below. Our interpretation of the data relies on two crucial features of our model:

1. Downward-sloping labor demand at the regional level, meaning that labor inflows push down wages.
This assumption is consistent with many papers on regional or sectoral labor flows (e.g. Acemoglu
et al. (2004), Iyer et al. (2011), Hornbeck (2012), Boustan et al. (2010), Cortes (2008), and Borjas
(2003)). Of particular note is the work of Acemoglu et al. (2004), who find that increased female labor
force participation in a state during and after World War II reduced male and female wages. All of
the studies cited here are inconsistent with both full factor adjustment and perfectly elastic product
demand. It is important to note that this downward-sloping demand could derive from decreasing
returns in production or from downward-sloping demand for a region’s tradeable goods.8

2. Non-homotheticity of land demand, meaning that low-skill workers spend a disproportionate share of
income on land. Note that households may upgrade their land as they see fit, and the observed price
of housing will reflect both land and structure costs. Three pieces of evidence support the assumption
that the income elasticity of land is less than one. First, Glaeser and Gyourko (2005) and Notowidigdo
(2011) document rising share of low-skilled workers after a negative productivity shock and argue that
these workers are disproportionately attracted by low housing prices. Second, Glaeser et al. (2008)

7Blanchard and Katz (1992) develop a reduced-form model in which slow-moving migration absorbs regional productivity
shocks and there is downward-sloping labor demand.

8Suppose that New York City primarily produces financial services, and Las Vegas primarily produces gambling. In the
theory appendix, we solve a Dixit-Stiglitz style model where each state produces a differentiated product with constant returns
to scale in production (Y=AL), and there is monopolistic competition. Downward-sloping product demand and monopolistic
pricing imply downward-sloping labor demand at the state-level.
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shows convincing evidence that the income elasticity of plot size is far below 1. Third, in Appendix
Figure 2, we plot the relationship between share of household income spent on housing and average
income in the 2010 ACS (Ruggles et al. (2010)). We instrument for average income in the household
using education, which is far less noisy. Additionally, we control for MSA fixed effects to capture the
within-labor-market Engel curve that is relevant for our model. This is particularly important because
high incomes are correlated with high housing expenditure shares across MSAs, as shown in the first
panel of Appendix Figure 2. The second panel of Appendix Figure 2 shows that housing share declines
with income. Thus, timeseries data from productivity shocks, cross-sectional data on land area, and
cross-sectional data on housing expenditure are consistent with a fixed per-unit cost for land paid by
every household.

2.1 Within-state equilibrium

2.1.1 Individual Decisions: Labor Supply and Land Demand

Within a state s, we denote µk as the number of people of skill type ψk with k ∈ {1 . . .K}. For a
representative agent of type k, utility is defined by

argmax
c,�

Uk(c, p, �) = c− �1+1/ε

1 + 1/ε
subject to c = wψk�+ π − p

⇒ �Supply

k
(w) = (ψkw)

ε

The wage rate w is the cost of one unit of effective labor, �k indexes effort, p is the price of land, and π are
lump-sum federal transfers of profits. With a statewide wage of w, a worker with numeraire skill (ψ = 1)
will supply �1 = wε units of labor. In comparison, a worker with skill ψk will have an effective labor supply
of ψ1+ε

k
�1.

Because we assume that every worker inelastically demands one plot of land, HDemand(p) =
�

k
µk. In the

theory appendix, we develop an extension of the model where consumers have endogenous, non-homothetic
demand for housing that is increasing in income.

2.1.2 State Decisions: Labor Demand and Land Supply

State-level production is given by

Y = A× L1−α

We view this functional form as a reduced form representation of a more complicated production process.
The first term A can encompass capital differences, natural advantages, institutional strengths, different
sectoral compositions, amenities, and agglomeration benefits. The second term L1−α gives decreasing returns
to scale in labor in production, which is helpful for the exposition, but is not necessary for our results as
discussed above and demonstrated in the model in the theory appendix.

In each skill group k, every member supplies �k. Different types of effective labor are perfect substitutes.
Using the labor supply equation above, where ψk�k = ψ1+ε

k
�1, we can write the labor demand equation as
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effective labor γ times the amount of labor supplied by a worker with numeraire skill. This yields

Y = AL1−α = A

�
�

k

µkψk�k

�1−α

= A





�

k

µkψ
1+ε
k

� �� �
γ: effective labor

�1





1−α

Effective labor gets its marginal product w = (1− α)A(γ�1)−α. Solving for labor demand gives:

�Demand

1 (w) =

�
(1− α)A

wγα

�1/α

Every state owns a continuum of plots of land, with heterogeneous costs to occupying each plot. The
lowest cost plots are occupied first. Defining the number of plots needed as H, the cost to occupying the
marginal plot is c(H) = H1/β , which implies that

HSupply(p) = pβ

State-level production and land profits are returned to consumers as a nationwide lump-sum rebate π.9

2.1.3 Market-Clearing

An equilibrium within a state is a set of prices {p, w} and allocations such that individuals choose their
labor supply optimally, workers earn their marginal product, and the land and labor markets clear.

Labor: Before, we derived labor supply and demand schedules as a function of individual supply and firm
production. Now, we impose the labor market-clearing condition for the numeraire worker.

�Demand

1 (w) = �Supply

1 (w)

⇒ wMarket−clearing =
�
(1− α)Aγ−α

� 1
1+αε

Land: Using the land market-clearing condition, we set:

HDemand(p) = HSupply(p)

⇒ pMarket−Clearing =

�
�

k

µk

�1/β

2.1.4 Indirect Utility and Comparative Statics

Now we can express the indirect utility for worker of skill ψk in a state s as a function of three state-specific
parameters: productivity As, effective labor γs, and population Ns =

�
k
µsk.10

v(As, γs, Ns,ψk) =
ψ1+ε
k

1 + ε
((1− α)Asγ

−α
s

)
1+ε
1+αε

� �� �
income - effort cost

−N1/β
s� �� �

land price

(1)

9A dynamic version of this model with durable housing stock would need to address the possibility of forward-looking
behavior. In the interests of simplicity, these channels are ruled out here.

10We omit the profits term π, because it is identical across locations and therefore has no effect on within-state or cross-state
decisions.
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One comparative static of interest is a population inflow that does not change the skill-mix of the state. A
population inflow pushes down wages and per capita income because of downward-sloping labor demand.

ε
per capita inc
pop = −α

(1 + ε)

1 + αε
< 0 (2)

Another comparative static of interest a change in the state’s average skill level, holding constant the
total population. An increase in the state’s skill-level will mechanically raise per capita income.

ε
per capita inc
avg skill level =

1− α

1 + αε
> 0 (3)

These two elasticities summarize the impact of migration on income per capita and we return to them
in the context of the calibration in Section 5.

2.2 Cross-state migration

We consider migration between Productiveville and a place with fixed flow utility “Reservationville”. The
flow utility in Reservationville for skill ψk is equal to ψ1+�

k
Ω+1. Workers draw stochastic moving costs wirh

realization x and then decide whether to move.11 Using the expression for indirect utility in equation 1, the
agents’ rule is to move if

ψ1+ε
k

1 + ε
((1− α)AP γ

−α
P

)
1+ε
1+αε −N1/β

P

� �� �
Utility in Productiveville

≥ ψ1+ε
k

Ω+ 1
� �� �

Utility in Reservationville

+ xψ1+ε
k

Ω
� �� �

Moving Cost

(4)

The cutoff x∗
k

is implictly defined when (4) holds with equality.

Proposition 1

If (1) income in Productiveville is sufficiently high (vProductiveville > Ω+ 1),

(2) land supply in the Productiveville is perfectly elastic (β → ∞), and

(3) average effective labor per capita is higher in Productiveville than in Reservationville (γP /NP >

γΩ/NΩ),

then migration generates per capita income convergence.

Proof See Appendix 7.3.

The evidence presented in the introduction is consistent with proposition 1: population flows from poor to
rich places (“directed migration”) coincided with income convergence, and the end of income convergence
coincided with the end of directed migration.

11The moving cost xk is scaled by ψ1+ε
k

such that it is proportional to flow utility. Conceptually, this assumption makes
sense if the primary costs of moving are the search costs for a new job and the lost social networks for finding jobs in one’s
home state, both of which are proportional to time, not dollars.
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2.3 Migration by Skill Type

Next, we consider the impact of land supply elasticity on migration flows. High land prices make Pro-
ductiveville particularly unattractive to low-skill workers. Define the gain from moving when land supply is
completely elastic as

∆(k) = ψ1+ε
k

�
1

1 + ε
((1− α)AProductivevilleγ

−α
Productiveville

)
1+ε
1+αε − Ω

�

A potential migrant from group k adheres to the following decision rule:

Move if ∆(k)− (N1/β
Productiveville

− 1) > x∗
k

(5)

Proposition 2

If (1) Productiveville is attractive in nominal income terms (∆(k) > 0) and

(2) NProductiveville > 1, so that an increase in β raises prices in the state (∂pp

∂β > 0).

Then we can characterize migration flows to Productiveville as a function of the land supply
elasticity β, and the normalized gain from moving ∆̃(k) = log(∆(k) + 1)/ log(NProductiveville).

Land Supply Elasticity Migration Flows

Mig(β) =






β → ∞ Mig indep of skill

β > ∆̃(1) In-Mig by all types

β ∈ [∆̃(k − 1), ∆̃(k)]





In-Mig by skills ≥ k

Out-Mig by skills < k

β < ∆̃(K) Out-Mig by all types

Proof See Appendix 7.4.

This proposition shows how different values of the land supply elasticity affect migration by skill type.
When the land supply elasticity is high and land prices are low, all skill types migrate to Productiveville
because of its higher productivity. When the land supply elasticity falls, land prices rise. As land prices rise,
since land is a larger share of low-skilled consumption, low-skilled types are differentially discouraged from
moving to Productiveville.12 Indeed, for some values of land prices, the low-skilled types move out while the
high-skilled types continue to migrate to Productiveville. Proposition 2 generates three testable predictions
associated with a decrease in β in high nominal income areas:

1. The returns to migration should fall differentially for low-skill workers.
2. Low-skilled workers should move less to areas with increased prices, but continue to move to areas

with high real income.
12In a more complicated model with home ownership, low-skilled Productiville residents would benefit from housing price

appreciation. However, because their real income in the Productiveville (income - user cost of housing) would be low relative
to their potential real income in other places, they would sell their houses and move to lower cost places.
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3. A decline in the rate of human capital convergence between rich and poor states

Combining Proposition 1 and Proposition 2 yields a fourth testable prediction:

4. Convergence should fall more in areas with low housing supply elasticity.

In the remainder of the paper, we test the above predictions in the data and calibrate the role that
migration played in convergence.

3 Reduced Forms: Housing Prices, Returns to Migration, Migra-
tion Flows, and Human Capital Convergence

In the model laid out in Section 2, an increase in the price of land in productive areas changed the returns
to migration differentially across skill groups. The model predicted a larger fall in the returns for low-skilled
workers than for high-skilled ones. Further, the model predicted that this change in returns would shift the
economy from a regime in which there was directed net migration and human capital convergence, to one in
which directed migration ceases and the interstate labor markets clear through skill-sorting.13

In the last fifty years, there has been a shift in the relationship between prices and incomes across
states. Figure 3 plots the relationship between log income and log housing prices in the 1960 and 2010
Census/ACS.14 The slope of this relationship more than doubles over this period. In 1960, housing prices
were 1 log point higher in a state with 1 log point higher income. In 2010, housing prices are 2 log points
higher in a state whose income is 1 log point higher. The difference in prices between the rich areas and
the poor areas has grown wider relative to the differences in income. The change in this relationship is not
specific to the year 2010 or to the recent recession. In the bottom panel of Figure 3, we plot this relationship
in the decennial census with the years 1960 and 2010 highlighted. Although there is a spike in 1990 due to
the housing bubble in the prior decade, there is a clear upward trend in the slope.

Given this changing slope, the model predicts that there should be differential changes in the returns and
migration patterns of skill groups. We test these predictions in the following three subsections.

3.1 Returns to Living in Rich Areas (Prediction 1)

We now test Prediction 1 from the model, which states that the housing price trends documented above
would induce a differential change in the real returns to living in productive areas. We test for changing
returns by examining the relationship between unconditional average income in a state and skill-group income
net of housing prices (Ruggles et al. (2010)). The baseline results of this specification are shown in Figure
4. With i indexing households and s indexing state of residence, we show the regression:

Yis − Pis� �� �
Real Income

= α+ βunskill Ys����
Nominal Income

+βskillYs × Sis + ηSis + γXis + εis

13A number of papers have noted a recent decline in gross interstate migration rates (Kaplan and Schulhofer-Wohl (2012),
and Molloy et al. (2011)). Appendix Figure 3 computes gross migration rates since 1960 using data from the Census/ACS, the
CPS (King et al. (2010)) and IRS files (U.S. Department of the Treasury (2010)). As is apparent in the figure, gross-migration
rates remain much larger than net migration rates despite recent trends. Therefore the overall decline in gross migration does
not explain the decline in net migration documented in this study.

14Although our model was written in terms of land prices, our empirical results use housing prices for reasons related to data
availability. Albouy and Ehrlich (2012) demonstrate the tight link between these two prices.
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where Yis is household wage income, Pis is a measure of housing costs defined as 12 times the monthly
rent or 5% of house value for homeowners, and Sis is the share of the household that is high-skilled, and
Ys is the mean nominal wage income in the state.15 The left-hand side of the equation is a household-level
measure of real income. This measure is regressed upon the state-level mean household income and the
interaction of nominal income with the share of high-skilled workers in the household. In 1940, both lines
have a strong positive slope, which shows that both groups gain from living in richer areas. In 2010, the
slope for low-skilled workers is flatter. They no longer benefit as much when living in the richer states.

Appendix Table 3 reports these results in regression form and shows the evolution of βunskill and βskill

over time. These coefficients measure the returns to an agent of low-skilled or high-skilled types to living in a
state that is one dollar richer. For example, βunskill is 0.88 in 1940. This finding shows that after controlling
for demographics and skill types, real income was $0.88 higher in states with $1.00 higher nominal income.

βunskill declines rapidly over time, though. By 2010, the real income of low-skilled households is only
$0.36 higher for each $1 increase in nominal income. States with high nominal income no longer appear to
offer substantially higher real income to low-skilled households.

The coefficients on βskill show a different pattern. Initially negative or close to zero, this term in 1940
and 1960 suggests that the higher real incomes earned in states with higher nominal income were equally or
progressively shared across skill groups. Over time, though, βskill becomes increasingly important, and is
0.61 by 2010. In other words, real income is three times more responsive to nominal income differences by
state for high-skilled households than for low-skilled households. While the differences in nominal income
across states correlate only modestly with real income differences for low-skilled workers today, they are
highly correlated with the returns to high-skilled households.

These correlations closely match Prediction 1. As predicted by the model, rising housing prices dispro-
portionately reduce the value of living in productive areas for low-skilled workers. The net effect is that
the returns to living in high income areas for low-skilled households have fallen dramatically when housing
prices rose, even as they have remained stable or grown for high-skilled households.16

3.2 Migration Choices by Skill (Prediction 2)

Next, we test Prediction 2 from the model, which states that low-skilled workers should move less to
areas with increased prices, but continue to move to areas with high real income. This tests whether the
changing returns to migration shown above can account for the observed change in migration patterns.

In Figure 5, we plot the five-year net migration rates by log nominal income for State Economic Areas
(467 subregions) in 1940. As is evident from the graphs, both high-skilled and low-skilled adults moved to
places with higher nominal income. The same relationship holds true if we plot migration rates for high-

15Income net of housing cost is a household-level variable, while education is an individual-level variable. We conduct our
analysis at the household level, measuring household skill using labor force participants ages 25-65. A person is defined as
high-skilled if he or she has 12+ years of education in 1940, and 16+ years thereafter. The household covariates Xis are the size
of the household, the fraction of household members in the labor force who are white, the fraction who are black, the fraction
who are male, and a quadratic in the average age of the adult household members in the workforce.

16Appendix Table 3 also reports the results of two robustness checks. First, to reduce the bias arising from the endogeneity
of state of residence, we also provide instrumental variables estimates using the mean income level of the household workers’
state of birth as an instrument. To be precise, we estimate Yis − Pis = α + βunskillŶs + βskillŶs × Sis + γXis + εis, using
Ys,birth and Ys,birth × Sis as instruments for the two endogenous variables Ŷs and Ŷs × Sis. Second, to address concerns that
secular changes in skill premia and skill mix composition may have induced a mechanical change in the correlation between
left-hand side Yis and right-hand side Ys, we demonstate that housing costs have differentially changed housing prices in high
nominal income places for low-skilled workers.
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skilled and low-skilled workers against their real income. These results are similar to work by Borjas (2001),
who finds that immigrants move to places which offer them the highest wages.17

In Figure 6, we plot the same relationship for migration PUMAs (1,020 subregions) in 2000. Although
high-skilled adults are still moving to high unconditional nominal income locations, low-skilled adults are
actually weakly migrating away from these locations. This finding sharply contrasts with the results from
the earlier period in which there was directed migration for both groups to high nominal income areas. It is
an apparent puzzle that low-skilled households would be moving away from productive places.

However, this seeming contradiction disappears when we adjust income to reflect the group-specific means
net of housing prices. Thus, the apparent puzzle in the first panel is not due to a failure of the underlying
economics, but rather is due to the fact that unconditional nominal income differences no longer reflect
differences in returns for low-skilled workers. Increasing housing prices in high nominal income areas have
made these areas prohibitively costly for low-skilled workers, confirming Prediction 2 of the model.18

3.3 Human Capital Flows (Prediction 3)

We now examine the effect of migration flows on human capital levels. We present evidence that the
transition from directed migration to skill sorting appears to have subtanstially weakened human capital
convergence due to migration. We follow the growth-accounting literature (e.g. Denison (1962), Goldin and
Katz (2001)) in using a Mincer-style return to schooling to estimate a human capital index in the IPUMS
Census files. Let k index human capital levels, and let i index individuals. Within a year t, we estimate the
returns to human capital using the specification

log Incik = αk +Xikβ + εik

where Incik is an indivudal’s annual income, and Xik includes other demographic covariates.19 To give the
reader a sense of differences in human capital over time, Appendix Table 2 reports income and wage premia
by year and education group. Define predicted income as �Inck = exp(α̂k) and Shareks as the share of people
in human capital group k living in state s. A state-level index is

Human Capital
s
=

�

k

�Inck × Shareks

Under the assumption of a fixed national return to schooling, the human capital index provides an estimate
of state-level income as a function of a state’s skill mix. Our research design exploits the fact that the

17Migration and education are person-level variables, while income net of housing cost is a household-level variable. We
conduct our analysis at the individual level, merging on area-by-skill measures of real income. To construct area-by-skill
measures, we define households as high-skilled if the adult labor force participants in said household are high-skilled, and as
low-skilled if none of them are high-skilled. For ease of analysis, we drop mixed households, which account for roughly 15% of
the sample in both 1940 and 2000. Then, we compute Y − P for each household and take the mean by area-skill group. The
modest non-linearity amongst high-income places apparent in the 1940 results is due to Chicago and New York, both of which
are very large cities that were hit hard by the Great Depression and failed to attract as many migrants as predicted.

18The specifications used involve some choices about how to parameterize housing costs and which migrants to study. We
report a wide variety of robustness checks in Appendix Table 4. In 1940, all slopes are positive, and usually statistically
significant. In 2000, all slopes are positive and statistically significant for high-skilled workers. For low-skilled workers, the
coefficients broadly fit Prediction 2, although only sometimes are statistically significant.

19Skill level k is defined as the interaction of completed schooling levels (0 or NA, Elementary, Middle, Some HS, HS, Some
College, College+), a dummy for black and a dummy for Hispanic. Xik includes other demographic covariates (dummy for
gender and a dummy for foreign born). Admittedly, this framework does not allow for selection among migrants along other
unobservables. This model of fixed national return to schooling is conservative, though, given the substantial literature showing
that the South had inferior schooling quality conditional on years attained (e.g. Card and Krueger (1992)). Thus this measures
is, if anything, likely underestimate the human capital dispersion across states.
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Census asks people about both their state of residence and their state of birth. The state of birth question
provides us with a no-migration counterfactual for the state-level distribution of human capital.20 We can
then compute the change in the human capital index due to migration as

∆HCs� �� �
Impact of Migration of Human Capital

=
�

k

�InckShareks,residence� �� �
Realized Human Capital Allocation

− �InckShareks,birth� �� �
No-Migration Counterfactual

Next, we take the baseline measure of what human capital would have been in the absence of migration
(HCs,birth) and examine its relationship with how much migration changed the skill composition of the state
(∆HCs). Specifically, we regress

∆HCs = α+ βHCs,birth + εs

Figure 7 shows the results of this regression for different years in the U.S. Census. We find strong evidence
for a falling rate of human capital convergence. As measured in the 1960 Census, lifetime migration pushed
strongly towards convergence in human capital levels. Migration eliminated 35% of the human capital dis-
parity among younger workers in a 20-year period relative to the no-migration counterfactual. Supplemental
analysis, not reported here, indicates that the strong human capital convergence in this period came from
low-skill workers moving to high-skill states. By 2010, migration would have eliminated only 7% of the
remaining disparity.

4 A Panel Measure of Housing Regulations

The previous section confirmed the models predictions an exogenous increase in housing prices in pro-
ductive areas. Housing prices are, of course, partially determined by demand and thus can not be used to
directly identify a causal change in migration or convergence over time. The desire to identify the causal
chain from prices to convergence motivates our search for a supply side instrument. In our model, housing
supply is governed by both a housing supply elasticity parameter β and the density of the city. We think that
aggregate changes in density in the U.S. are unlikely to explain shifts in housing supply.21 In contrast, em-
pirical work has shown tight links between prices and measures of land use regulation in the cross-section.22

Here, we introduce a new panel measure for housing price regulations based on state appeals court records

and validate it against the existing cross-sectional regulation measures. This measure is, to the best of our
knowledge, the first panel of housing supply regulations in the United States. It offers the first direct sta-
tistical evidence that regulation increases covary directly with price increases. We use this measure to test
for our entire causal chain by showing that housing supply constraints reduce permits for new construction,
raise prices, lower net migration, slow human capital convergence and slow income convergence. Finally, we
use this measure to test Prediction 4 of the model, which states that convergence should slow the most in
places with housing supply constraints.

20We limit the sample to people aged 25 and above so that we can measure completed education. To focus on migration flows
for 20-year windows, we analyze the population aged 25-44. To the extent that people migrate before age 25 (or their parents
move them somewhere else), we may pick up migration flows from more than twenty years ago. In our calibration, we revise
the methodology to include human capital flows for older workers.

21In 1940, log(persons/square mile) had a mean of 3.36 and a standard deviation of 1.41 at the county level. By 2010, the
mean density was 3.78, an increase of 1/3 of one standard deviation. Because the heterogeneity in densities across places greatly
exceeds the aggregate change in density, it seems unlikely that substantial parts of America have reached a maximum building
density.

22Examples include Glaeser et al. (2005a), Katz and Rosen (1987), Pollakowski and Wachter (1990), and Quigley and Raphael
(2005).
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4.1 Measure Construction and Reliability

Our measure of land use regulations is based upon the number of state appellate court cases containing
the phrase “land use” over time. The phrase “land use” appears 42 times in the seminal case Mount Laurel

decision issued by the New Jersey Supreme Court in 1975. Municipalities use a wide variety of tactics for
restricting new construction, but these rules are often controversial and any such rule, regardless of its exact
institutional origin, will likely be tested in court. This makes court decisions an omnibus measure which
capture many different channels of restrictions on new construction. We searched the state appellate court
records for each state-year using an online legal database.23 Gennaioli and Shleifer (2007) describe how the
common law gradually accumulates a set of precedents over time. To ensure that our regulation measure
captures the stock of restrictions rather than the flow of new laws, we set:

Regulations,t =

�
t

k=1920 LandUseCasessk�
t

k=1920 Total Casessk

We begin our measure in 1940, and initialize it by using case counts from 1920-1940. Appendix Table 5
shows selected values for each state. One immediate result from constructing this measure, is that the land
use restrictions have become increasingly common over the past fifty years. Figure 8 displays the national
regulation measure over time, which rises strongly after 1960 and grows by a factor of four by 2010.24

We test the reliability of this measure against two national cross-sectional land-use surveys. The first
survey, from the American Institute of Planners in 1975, asked 48 questions of planning officials in each
state, 21 of which were tied to land use restrictions (The American Institute of Planners (1976)). To build
a summary measure, we add up the total number of yes answers to the 21 questions for each state. As can
be seen in Figure 8, the 1975 values of our measure are strongly correlated with this measure. Similarly, we
compare the regulation measure to the 2005 Wharton Residential Land Use Regulation Index (WRLURI).25

Finally, we compute residual Wharton regulation by fitting WRLURIs,2005 = α+β1APIs,1975+εs and then
calculating ˜WRLURIs,2005 = WRLURIs,2005 − β1APIs,1975. We regress ˜WRLURIs,2005 on our regulaton
measure and again find a strong positive correlation. This is further evidence that the measure truly captures
the panel variation in regulations.

We examine the effect of the regulation measure on housing prices, with state and year fixed effects, in
Appendix Figure 5. We find that that changes in regulation are highly correlated with changes in prices.

4.2 Using Regulations to Test the Model (Prediction 4)

Having established that our regulation measure is a good proxy for housing supply elasticity, we test
its direct effect on the convergence relationship. Before turning towards regressions, we first explore the
effect of land-use regulations on convergence graphically. Figure 9 shows differential convergence patterns
among the high and low elasticity states. The convergence relationship within the low regulation, high

23Note that because we measure land use relative to the total case load in the state, this variable is a measure of land use
regulation relative to the total volume of legal activity. The states that have lots of regulation and legal activity on other fronts
(e.g. New York) will not be marked as high regulation by this measure. Other states, that face little legal activity overall, such
as Wyoming, may be classified as high regulation even though there are few constraints to new construction.

24One of the first to document this increase was Ellickson (1977). Fischel (2004); Kahn (2011); Schleicher (2012) explore the
social, political, and technological reasons underlying this rise.

25This is a metro-area level measure constructed by Gyourko et al. (2008). To construct state-level measures, we weighted
the existing metro estimates by 1960 population and imputed from neighbors where neccessary.
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elasticity states remains strong throughout the period. Conceptually, we can think of this group of states
as reflecting Proposition 1, with within-group reallocations of people from low-income states to high-income
states. In contrast, the convergence coefficients among states with low elasticities or tight regulations display
a pronounced weakening over time. The patterns within this group reflect the skill-sorting of Proposition 2,
where only high-skilled workers want to move to the high-income states.26

We now turn towards regressions and explore the effect of regulations on the convergence mechanisms
described above. For clarity, we divide our state-year observations in to high and low regulation bins based
on a fixed cutoff. This division allows us to easily interpret how tight regulations alter the relationships
between income and the dependent variables. We set the cutoff equal to the median value of the regulation
index in 2005. In total, 12.5% of states fall in to the high regulation bin in 1970, and by 1990 this bin
contains 40% of the states.

Our specifications are of the following form:

Ys,t = αt + αt1 [Regs,t > RegMed,2005] + βIncs,t−20 + βhigh regIncs,t−20 × 1 [Regs,t > RegMed,2005] + εs,t(6)

The coefficients of interest, β and βhigh reg, measure the effect of lagged income in low and high regulation
state-years and are reported in Table 4.

The first left-hand side variable considered with this specification in Column 1 is housing permits issued
relative to the housing stock. Absent land use restrictions, places with higher income will face greater
demand for houses and will permit at a faster rate. Accordingly, the uninteracted coefficent on income is
1.87, indicating that the permit rate increases by 1/5th of a standard deviation annually for each ten log
points of income. The interaction term βhigh reg measures the change in the relationship between permits
and income for high regulation states. Because the estimated coefficient here is -2.42, permitting is actually
negatively related to income among the high regulation state-year pairs.

Column 2 of Table 4 uses the same specification, with log housing prices as the dependent variable.
Whereas regulations weakened (or even reversed) the relationship between income and permitting, we expect
regulations to steepen the relationship between income and prices. The uninteracted coefficient displayed in
column 2 (1.03) recovers the 1-to-1 relationship between log income and log prices found in the first panel of
Figure 3. The interaction term indicates that the relationship between income and prices in high regulation
state-years is 1.7, meaning that the dispersion in prices between high and low income states is wider in the
high regulation regime. More of the income differences are capitalized in to prices in the high regulation
regime, just as employment shocks are capitalized into prices in high regulation regimes in Saks (2008).

Column 3 explores what effect regulations have on the link between income and population growth. In
our model, states with high income per capita will draw migrants when the elasticity of housing supply
is large. The uninteracted coefficient is 2.0, meaning that places that were 10 log points richer averaged
population growth that was 0.2 percentage points higher per year over the next twenty years. This is similar
to the coefficients found in the strong convergence period in Figure 1. When the elasticity of supply is low,
housing prices make moving prohibitively costly and directed migration ceases. The interaction coefficient
is large and negative (-2.8). This means that population growth in not predicted by income in the high
regulation regime – if anything they are negatively related – matching the predictions of the model.

26As a robustness check, we divide the states according to a measure of their housing supply elasticity based upon land
avaliability and the WRLURI constructed by Saiz (2010). Note that unlike our regulation measure, the Saiz measure is fixed,
so the groupings of state are stable. The results are shown in Appendix Figure 4.
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In our model, Proposition 2 showed that, when housing supply was perfectly elastic, migration would be
skill-neutral and undo any initial human capital advantage held by productive places. We find in Column
4 that the uninteracted coefficient is sizeable and negative reflecting convergence in human capital in the
unconstrained regime. The proposition also showed that as the supply elasticity fell, migration became
increasingly skilled biased and its contribution to human capital convergence diminished. The interaction
coefficient is sizeable and positive indicating as expected that human capital convergence ceases among high
regulation observations.

Finally, column 5 brings this analysis full circle by directly looking at the effect of high regulations on
the convergence relationship. Without the interaction terms, equation 6 reduces to a pooled version of the
familiar convergence regressions displayed in Figure 1. As expected, the uninteracted coefficient (-2.3 annual
rate) captures the strong convergence relationship that exists absent land use restrictions. This coefficient
is similar in magnitude to the ones used in the calibrations in section 3. However, the interaction coefficient
is large and positive (3.2). This finding indicates that the degree of convergence among states in periods of
high regulation is virtually non-existent.

Table 4 tightly links the theory from Section 2 to the observed data. The first row of coefficients describe
a world where population flows to rich areas, human capital converges across places, and regional incomes
converge quickly as in Proposition 1. The second row of coefficients outline the low-elasticity regime described
in Proposition 2, with increased capitalization and no net migration or convergence.

One concern with this result is that the regulations measure may simply be picking up fixed time-trends
or fixed cross-sectional differences across states. To account for this potential error, we conduct three sets of
monte carlo placebo experiments. In the first set, we randomly reassign the values of the regulation measure
across both states and years. In the second, we randomly reassign the regulation measure values across
years within a state. Doing so preserves the fixed cross-sectional features of the instrument, but removes
its time-series properties. Finally, we randomly reassign the regulation measure across states within a year.
Doing so preserves the time-series properties of the instrument, but removes the cross-sectional features. We
conduct 100 randomizations for each experiment, and rerun the regression from Column 5 of Table 4. In
other words, we test the interaction term in the convergence regression by using this monte-carlo generated
regulation measure. We plot the cumulative distribution function of estimated coefficients along with the
true estimate in Appendix Figure 5. This graph shows that our identification is driven about equally by the
cross-sectional variation in regulations and the time series increase in regulations.

In Appendix Table 6, we document the robustness of these results to alternate constructions of the
regulation measure. The first panel uses the same procedure for calculating regulations, only using the
number of cases containing the search term “zoning” instead of “land use” as before. The second panel once
again uses the “land use” search term, but switches to a state-specific cutoff for determining when states enter
the high-regulation regime. Specifically, we mark states as high regulation when their cumulative measure
of land use cases to date exceeds three times the share of cases to date in 1941, when our panel begins.
Both measures return results similar to those found in Table 4 for the effect of regulation on permits, prices,
migration, and human capital and income convergence.

These results demonstrate that high regulations restrict supply, increase the capitalization of income dif-
ferences in to prices, reduce directed migration, reduce human capital convergence, and slow the convergence
in income. In short, the results test and confirm the mechanisms at work in Propositions 1 and 2.
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5 Alternative Explanations for Convergence and Its Demise

Our model attributes income convergence to directed migration and the end of income convergence to
the end of directed migration, which itself is a consequence of an increase in housing regulations. In this
section, we consider alternative explanations for income convergence, as well as alternative explanations for
its disappearance.

5.1 Why Did Convergence Happen?

Much of the past literature has sought to explain income convergence in terms of capital convergence.27

In the neo-classical model, labor is held fixed and differences in income occur because of differences in capital
per worker. Under a constant returns to scale production function (Y = AKαL1−α), the returns to capital
are higher in capital-poor places than in capital-rich places. The higher rate of return to capital in poor
states funds additional investment, and faster growth in the capital stock. Eventually, capital per worker
levels converge, generating income convergence. Our model, in contrast, holds capital fixed, and focuses on
labor movements.

In this section, we show that the observed labor movements are sufficient to quantitatively account for
the observed change in income convergence in the context of our model. Additionally, while data to test
the capital convergence hypothesis are sparse, these data provide mixed support for the simple neo-classical
model. Nevertheless, alternative models might give a larger role for capital, and additional data on this topic
would be a valuable contribution.

5.1.1 Calibration – The Role of Changes in Labor

The model developed in Section 2 demonstrates two channels through which migration can affect income
convergence. Now, we show that our model delivers a parsimonious, intuitive equation for the effect of
migration on convergence, and that migration can explain a quantitatively important fraction of observed
income convergence in the past. In terms of the model, a state’s income per capita is given by y = Y/N =

A
�
(1− α)A

�
k
ψ1+ε
k

µk

� 1−α
1+αε \

�
k
µk. Taking logs, a change in per capita income can be decomposed into
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The model delivers simple formulas for the effect of changes in effective labor per capita and population
on per capita income (εper capita inc

pop , εper capita inc
avg skill level from equations 2 and 3). Note that for comparison,

a neo-classical model that had exogenous labor supply and homogeneous labor would have had the smaller
impact of d log y = −αd log (

�
k
µk). Endogenous labor supply and human capital amplify the effects of

27Though the past literature has focused on capital convergence as a mechanism, Barro and Sala-i Martin (1992) were careful
to note that income convergence has occurred more slowly in the data that would be predicted by their model with physical
capital adjustment. We argue for very slow adjustment of labor in response to regional income differentials. Since people
usually have strong family and economic ties to where they grew up, as well as heterogeneous preferences over location, it seems
intuitive that migration from unproductive to productive places would take a long time.
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migration. Converting to regression coefficients, we obtain:

β̂Convergence = ε
per capita inc
pop η����

Directed Migration

+ε
per capita inc
avg skill level ϕ����

Skill Convergence

(7)

The model allows us to convert estimates of direct migration (Figure 2) and human capital convergence
(Figure 7) into estimates of income convergence (Figure 1). This mapping, however, requires us to take a
stance on the elasticity of labor demand, as well as the elasticity of labor supply. We use the standard neo-
classical value for labor demand α of 0.33. This estimate falls between the empirical elasticities for domestic
labor demand estimated by Rothstein (2008) and Acemoglu et al. (2004).28 There is less agreement about
the elasticity of labor supply, and so we We consider three different cases for the elasticity of labor supply:
static labor supply, εLaborSupply = 0.6, and εLaborSupply = 2.6.29

Our estimates using the model in Section 2 and these parameter estimates imply that a 10% increase
in population lowers per capita income by 3.3% to 6.4%. Alternatively, using the model laid out in the
appendix, where there are constant returns to scale in production and downward-sloping demand for the
products produced by each region, with a labor supply elasticity of 0.6, we estimate that a 10% increase in
population lowers per capita income by 6.2%. In Appendix Figure 6, we plot the reduced form relationship
between the twenty-year growth rates in state average income and population, controlling for state and year
fixed effects. Though this relationship is obviously confounded towards zero by shocks that both increase
income and draw population, the estimated slope (-0.27) is reassuringly close to our range of calibrations.
Next, we turn to estimating the magnitudes of population flows and human capital flows.

Population Channel: We estimate all population flows in terms of 20-year windows, corresponding to the
20-year windows used for convergence in Figure 1. To estimate the effect of initial income on net migration,
we regress

logPopt − logPopt−20 = α+ η log yt−20,s +εs

The results are shown in Table 2. For the 20-year periods ending in 1950, 1960, 1970 and 1980, there was
substantial net migration towards higher-income states. Averaging the coefficients from this period, we find
that a doubling of initial income raised the annual net migration rate to a state by 1.26 percentage points.

Human Capital Channel: We estimate human capital flows by examining the change in human capital
due to migration relative to baseline levels and its relation to initial income. Specifically, we regress

log(∆HCts +HCt−20,s)− log(HCt−20,s) = α+ ϕ log yt−20,s +εst

Details on the construction of this human capital measure are in the data appendix. The results are shown in
the second row of Table 3. Human capital used to flow strongly from poor states to rich states, as estimated
in the 1960 Census, but all of the estimates using the 2010 American Community Survey suggest that human

28Card (2009) estimates the effect of changes in the relative supply of college-educated workers on the college-high school
wage gap and reports elasticities between -0.26 and -0.42.

29We consider the following balanced growth path preferences, argmax�k ln(c)− �
1+1/ε
k
1+1/ε , under the assumption that β → ∞.

Log utility implies static labor supply. Chetty (2012) characterizes εLaborSupply = 0.6 as the consensus estimate for the sum of
extensive and intensive labor supply elasticities based on a meta-analysis of approximately thirty studies with quasi-experimental
variation in tax rates. Borjas (2003)’s estimate of the effect of an increase in labor supply on total income is εLaborSupply = 2.6.
In our model, εper capita inc

pop = −α(1+ε)
1+αε , so α = 0.33 ⇒ εLaborSupply = 2.6.

Additionally, our calibrations are bounded by the range documented by
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capital levels are diverging slightly due to migration. Until now, we have worked with income as a measure
of human capital. Because in our model labor supply is determined endogenously, in principle wage rates are
a better analog for skill type. If we assume that reported annual hours is a measure of labor supply, we use
a Mincerian regression to compute an hourly wage rate ˆwage

k
. In the model with endogenous labor supply,

ˆinck = ˆwage1+ε
k

. The results are shown in Table 3, rows (3) through (5). Higher labor supply elasticities
exacerbate the impact of existing human capital differences on state incomes. Therefore, convergence in
human capital levels then implies a greater degree of convergence in state incomes. 30

Finally we can use equation 7 to predict income convergence before 1980, β̂pre1980

Convergence, as well as the

amount of income convergence predicted today, β̂2010
Convergence. Table 5 shows the results of this calibration,

in which we estimate the change in the predicted convergence rate, β̂2010
Convergence − β̂pre1980

Convergence.
31 We

find that for the period until 1980, migration can explain much of convergence and that changes in migration
can explain all of the changes in convergence.32

5.1.2 The Role of Capital

Past work, most notably Barro and Sala-i Martin (1992), has explored whether faster capital accumulation
in poor states can explain regional convergence from 1880 to 1980 in a calibrated model. Empirical measures
of the state-level capital stock are quite difficult to obtain, but three pieces of evidence suggest a more
nuanced analysis of the role of capital in U.S. convergence is needed.33

First, we analyzed a panel state-level measure of capital using the Census of Wealth, which was con-
structed using local tax records and conducted on a roughly decennial basis until 1922 (Kuznets et al.
(1964)). Because property taxes were the primary source of revenue for state and local governments at this
time, we consider this measure to be fairly accurate. The data show mixed evidence for the capital-driven
convergence hypothesis, as depicted in Appendix Figure 7. From 1880 to 1900 capital grew most quickly in
wealthy states (which contradicts the neo-classical model), and from 1900 to 1920, capital grew most quickly
in poor states (which is consistent with the neo-classical model). Income per capita was converging in both
periods, and consistent with the explanation put forward in this paper, there was substantial net migration
towards wealthy states in both periods as well.

30Table 3 also reports robustness checks which omit black or foreign-born migration. Omitting black migration makes the
observed changes in human capital convergence look much smaller, suggesting a large role for the Great Migration in historical
human capital convergence. Though black migration played an important role in changes in human capital convergence,
the directed migration results are largely unchanged when we drop black migrants. Omitting foreign-born migration yields
even larger changes in human capital convergence suggests that recent immigration has served to mitigate the slowdown in
convergence. Finally, the timeseries patterns for human capital levels by state of residence (which include endogenous human
capital accumulation decision outside of our model) look somewhat different, but nonetheless feature a convergence in human
capital levels in the past, and very little convergence today.

31

Changing the value of the labor supply elasticity has three different effects on the calibration. First, more responsive labor
supply means that wages will change more in response to a population inflow, thereby amplifying ε

per capita inc
pop . Second,

more responsive labor supply means that when an low-skilled person moves to a high-productivity place he or she supplies
more labor. This effect dampens the human capital convergence channel εper capita inc

avg skill level . Finally, more responsive labor supply
makes historic human capital differences play a larger role in historic income differences. Thus skill group changes have a larger
impact on measured human capital.

32Although our model matchs the macro moments for pre-1980 income convergence and 2010 income convergence, the
timeseries variation in our inputs does not exactly match the timeseries variation in the convergence rate. Directed migration
falls a bit before income convergence falls, and human capital convergence persists longer than income convergence.

33Garofalo and Yamarik (2002) constructed state-level capital estimates by combining state-level industry employment com-
position with national industry-level capital-labor ratios. Although an important step forward, this measure characterizes the
extent of convergence in industrial structure in the U.S., not the extent of capital convergence.
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Second, we plot a timeseries of regional bank lending rates from Landon-Lane and Rockoff (2007) in
Appendix Figure 7. If the return on capital is falling in the amount of the capital stock, we should see
high interest rates in poor areas and low interest rates in rich areas. In fact, we see high interest rates in
the rich West, which is inconsistent with the neo-classical model. Additionally, these regional interest rates
largely converged by the end of World War II. Under the neo-classical model, this finding would indicate
that capital-labor ratios had converged as well.

Third, in some cases, capital may be a substitute rather than a complement for labor. Recent work by
Hornbeck and Naidu (2012) suggests that an outflow of cheap black labor due to a flood in Mississippi in
1927 led to additional capital investment in the agricultural sector in subsequent years. Along similar lines,
Lewis (2011) finds that increased low-skilled labor supply in the 1980s and 1990s was a substitute for capital
investment in the manufacturing sector. In this case, capital investment would amplify the impact of changes
in the labor supply rather than attenuate them. More research and more data are needed to seriously study
the role of physical capital in U.S. income convergence, but the existing data are insufficient to draw strong
conclusions about its role.

5.2 Why Did Convergence Stop?

Differences across states in incomes are much smaller today than they were in the past. Perhaps differences
in incomes across states today reflect steady-state differences due to permanent amenity differences. While
possible, two pieces of evidence are inconsistent with this suggestion. First, a close examination of Figure 1
shows that from 1940 to 1960 there was within-group convergence among the rich states as well as among
the poor states. The income differences between Connecticut and Illinois or Mississippi and Tennessee in
1940 are much smaller than the differences between Connecticut and Mississippi in 1990, and yet we saw
substantial within-group convergence from 1940 to 1960 and much less from 1990 to 2010. Second, our
analysis with the regulation measure (e.g. Figure 9) shows substantial within-group convergence in the low
regulation group, suggesting that existing income differences today are sufficiently large and transitory as to
make convergence possible.

A more recent literature has focused on the divergence in the share of workers with a college degree across
places since 1980. The literature can conceptually be divided into an increase in consumers’ desire to live in
highly educated places and an increase in firms’ demand for skilled labor.

The consumer story argues that skilled workers are increasingly attracted to the amenities in these cities
(Moretti (2012a); Gyourko et al. (2012); Glaeser et al. (2001) ), and are willing to pay ever-higher prices for
the amenities in these cities. At a conceptual level, the consumer amenities story is complementary to ours,
in that it assumes housing is inelastically supplied. From 1940 to 1960, in the absence of supply constraints,
rich states like California, Maryland, New Jersey, Connecticut and Delaware had substantial population
growth. If amenities rose then, more people would have moved in, with little impact on prices. Today, with
supply constraints, additional demand to live in these places will be capitalized into prices.

The firm demand story focuses on the rise of the information economy and skill-biased technological
change. These changes raises the productivity of skilled workers, particularly when those workers live near
each other (Moretti (2012b); Glaeser and Saiz (2004)). If high-income places have high (and rising) share
BA, and the returns to having a BA rise, then incomes will rise in these places. If incomes rise more in rich
places than in poor places, this will slow income convergence. Moreover, high-skilled workers may have a
preference for land use regulation, spuriously creating the relationship documented above.
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More generally, the results presented thus far could be driven any omitted variable which, post-1980,
caused regulations to change, slowed directed migration, slowed human capital convergence, and ended
income convergence.34 In this section, we develop a test designed to preclude the possibility that high
regulations are the product rather than the cause of declining convergence. Using pre-1980 measures of
housing supply elasticity and the geographic availability of buildable land, we find that income convergence
fell most in low elasticity states, as we did in Section 4. This would not be possible unless an omitted shock
was correlated not only with post-1980 changes, but also with the distribution of pre-existing legal cultures
and buildable land.

Finally, we design a second test to explore whether the specific theory of increased skill-biased techno-
logical change alone can fully account for changes in migration patterns. Our evidence suggests that these
changes can only be explained if regulations are incorporated in to the theory. Thus, broadly speaking,
we view our supply constraints mechanism as complementary to the existing firm and consumer demand
mechanisms in the literature.

5.2.1 Post-1980 Changes to Housing Supply Elasticity

It is possible that the change in regulations coincided in space and time with another change that directly
affected convergence patterns and that regulations have no direct causal effect on the convergence process.
To investigate the plausibility of this hypothesis, we once again make use of the rich time-series variation in
our regulation measure. Although regulation was low across the board in 1955, there is still cross-sectional
variation in our measure for that year. This variation is predictive of subsequent increases in regulation, and
the correlation between the measure in 1955 and 2005 is 0.45. Dividing the states at the median in 1955, we
classify the states above the median in that year as having a latent tendency to regulate.

In Table 6, we explore the effect of this latent tendency to regulate on income convergence before and
after 1980. The table demonstrates that these states (like states with high regulation today) displayed similar
convergence behavior before 1980. In the period after 1980, once these latent tendencies had been activated
in the form of high regulations, these states experience a sizeable drop in their degree of income convergence.
35

We conduct a similar exercise in the last two columns by splitting states at the median based upon the
geographic availability of develop-able land using data from Saiz (2010).36 Again, the table demonstrates
that states with low geographic land availability did not display different convergence behavior before 1980.
In the period with tight building restrictions after 1980, however, these states also experience a reduction
in their rates of income convergence. The similarity of these patterns is striking given that the correlation
between our two predetermined elasticity measures – the high latent regulation dummy and low geographic
land availability dummy – is only 0.33.

34There is little evidence that weather-related amenities can explain the changes in convergence patterns documented here.
Research by Glaeser and Tobio (2007) suggests that population growth in the South since 1980 is driven by low housing prices
rather than good weather. Though average January temperature is predictive of population growth, it is not correlated with
high housing prices. Moreover, the relationship between temperature and population growth has remained stable or declined
in the post-war period.

35Note that, while sizeable, the interaction coefficient is not as large as the one reported in Table 4. This is consistent with
the evidence reported in Appendix Figure 5 that cross-sectional measures can explain some, but not all, of the effects capture
by panel variation in regulations.

36We population-weight metro areas using 1960 counts to derive state-wide averages.
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This evidence suggests that housing supply restrictions played a crucial role in the end of convergence
and rules out the possibility that regulations are merely a by-product of an alternate shock. Table 6 shows
that if housing supply restrictions did not affect income convergence, then regulations must be correlated
with a non-related convergence-ending shock, and this new shock must be correlated with states’ geography
and historical legal structures. Moreover, such an explanation would have to explain the fact than neither
feature influenced convergence rates prior to the period of high land use regulation. Although it is possible
to generate such an explanation, articulating such a story is sufficiently complicated that we feel the weight
of the evidence supports a role for housing supply restrictions.

5.2.2 Changes to Skilled Labor Demand

The supply constraints story developed in this paper to explain the end of convergence differs from the
theory which emphasizes changes in the demand for skilled labor (Moretti (2012b); Glaeser and Saiz (2004);
Berry and Glaeser (2005)). These two theories produce different predictions regarding skill-specific migration
patterns. Suppose there was a shock which benefitted only skilled workers in places which already had lots
of skilled workers; then the in-migration rate of skilled workers to these places should rise significantly. (If
the shock benefitted everyone in high BA areas, then in-migration should rise for all workers.) In contrast,
the negative housing supply shock hypothesis discussed here predicts sharply falling in-migration by low-skill
workers and a steady or slightly declining in-migration for high-skill workers. Indeed, we find in the data
(Figure 6) that workers with less than a BA are leaving high nominal income areas, and that high nominal
income areas are not growing in relative terms (Figure 2). Although information-economy cities such as
San Francisco, Boston and New York offer high nominal wages to all workers (typically in the top quintile
nationally), after adjusting for housing costs all three cities offer below average returns to low-skill workers
(typically in the bottom decile).

In Appendix Table 7, we examine the flows of low-skilled and high-skilled workers in 1980 and 2010 to
high skilled states as measured in 1980. This period and independent variable were chosen to be consistent
with the literature. We examine two measures of net migration: the first uses total change from people born
in-state to people living in-state (similar to Figure 7), and the second examines the choice of destination
conditional on the decision to leave one’s birth state. Unlike directed migration to high-income places, there
is still directed migration to high BA places under this measure, albeit at a far slower rate than in the
past. There has been a remarkable shift in the composition of this migration. Both data series find a large
decrease in the in-migration rate of low-skilled workers to high BA states from 1980 to 2010, and no change
or a small decline in the in-migration rate of high-skilled workers to high BA states. These results suggest
that rising share BA in high BA areas (Glaeser and Saiz (2004); Moretti (2012b)) may partially be the
result of out-migration by low-skill workers and domestic human capital production, rather than increasing
in-migration by high-skill workers. It appears that skill-biased technological change alone cannot account for
the observed changes in migration patterns, and that a central role for changes in housing prices is needed.
Of course, positive shocks to skilled labor demand in already high-skill places are evident in the data and
likely contributed to the end of convergence.
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6 Conclusion

For more than 100 years, per-capita incomes across U.S. states were strongly converging and population
flowed from poor to wealthy areas. In this paper, we argue that these two phenomena are related. By
increasing the available labor in a region, migration drove down wages, reduced labor supply and induced
convergence in human capital levels. Using a simple model we find that, unlike much of the prior literature,
migration can account for the majority of the observed convergence and all of the observed change in
convergence.

Over the past thirty years, both the flow of population to productive areas and income convergence have
slowed considerably. We show that the end of directed population flows, and therefore the end of income
convergence, can be explained by a change in the relationship between income and housing prices. Although
housing prices have always been higher in richer states, housing prices now capitalize a far greater proportion
of the income differences across states.

In our model, a reduction in the elasticity of housing supply in rich areas shifts the economy from one in
which labor markets clear through net migration to one in which labor markets clear through skill-sorting.
As prices rise, the returns to living in productive areas fall for low-skilled households, and their migration
patterns diverge from the migration patterns of the high-skilled households. We find patterns consistent
with these predictions in the data.

To identify the effect of these price movements, we introduce a new panel instrument for housing supply.
Prior work has noted that land-use regulations have become increasingly stringent over time, but panel
measures of regulation were unavaliable. We create a proxy for these measures based on the frequency of
land-use cases in state appellate court records. First, we find that tighter regulations raise the extent to
which income differences are capitalized into housing prices. Second, tigher regulations impede population
flows to rich areas and weaken convergence in human capital. Finally, we find that tight regulations weaken
convergence in per capita income. Indeed, though there has been a dramatic decline in income convergence
nationally, places that remain unconstrained by land use regulation continue to converge at similar rates.

These findings have important implications not only for the literature on land-use and regional conver-
gence, but also for the literature on inequality and segregation. A simple back of the envelope calculation
shown in Appendix Table 8 finds that cross-state convergence accounted for approximately 30% of the drop
in hourly wage inequality from 1940 to 1980 and that had convergence continued apace through 2010, the in-
crease in hourly wage inequality from 1980 to 2010 would have been approximately 10% smaller.37 The U.S.
is increasingly characterized by segregation along economic dimensions, with limited access for most workers
to America’s most productive cities. We hope that this paper will highlight the role land use restrictions
play in supporting this segregation.

37While the rise in regulations documented here has straightforward implications for inequality, the implications for aggregate
productivity are more nuanced due to the externalities associated with in- and out-migration on the the destination and origin
labor markets.
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7 Theory Appendix (For Online Publication)

7.1 Downward-Sloping Product Demand, Population Flows, and Convergence

In Section 2, we developed a model where downward-sloping labor demand came from the assumption of a
production function Y = AL1−α that had decreasing returns to scale in labor. Here we show that downward-
sloping labor demand can also come from a production function with constant returns to scale (Y = AL),
combined with elastic product demand and monopolistic competition.

7.1.1 Individual Decisions: Labor Supply and Product Demand

Individuals i in the region “home” consume a basket of differentiated good {xj} from each region j ∈ [0, 1].
Individuals solve the following problem, taking the local price for labor w and the national price for products
{pj} as exogenous
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ξi: scaled marginal utility
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Equation (8) holds for all markets j ∈ [0, 1]. We now apply the standard Dixit- Stiglitz solution techniques
to derive the demand for any individual good j in terms of its own price pj , household income wili and
the aggregate price index P. The first order conditions imply that an individual’s consumption of two goods
must have the following ratio:
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Recall that li is actually l∗
i
(w) from equation (8) which governed labor supply. We now substitute in for the

labor supply elasticity above, to write an individual’s demand for good xj as:
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where ξi is a scaling of household marginal utility.

7.1.2 Firm Decisions: Product Supply and Labor Demand

We assume that each region has a single firm j, which takes the national demand curve and local wages as
exogenous. As before, we suppress the notation for the location of the home firm throughout. Firms produce
using the constant returns to scale production function qj = ALj . The firm serves the national market but
hires labor locally (Lj) at wage wj .
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Having derived the optimal prices, we can determine output by substituting the price FOC back in to
equation (10) for consumer demand:
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We can integrate over all the individuals i to calculate an aggregate demand curve for good j:
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Inverting the production function q = AL gives a company’s labor demand as a function of wages and
downward-sloping demand for their good.
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7.1.3 Labor Market Equilibrium

Recall that labor supply is given by the individual labor supply decision (equation (8)) times the share of
individuals µj in the regional market.

LSupply(w) = µjw
ε
j
ξj (12)

Now we can equate labor supply from equation (11) and demand from equation (12) to solve for the market-
clearing wage
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This shows that ξ is a function of prices which are exogenous from the perspective of the home region,
meaning that it cancels from both sides of the labor-market clearing condition. This means we can solve for
the market-clearing wage in terms of exogenous parameters.
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With the market-clearing wage, we can go back to the individual labor supply condition (equation (8)) to
solve for per capita income
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7.1.4 Comparative Static

We are interested in the impact of a population change in the home region on local per-capita incomes, or
mathematically, ∂w∗l∗/∂µ. A,P,σ,ξ and ε are exogenous parameters or functions of nation-wide variables.
From equation (13) we have an elasticity of per capita income with respect to population of :

ε
per cap income
population =

− (1 + �)

σ + �

where 0 < µ < 1, ε > 0, and σ > 1. This elasticity is natural counterpart to ε
per cap income
population = −α (1+ε)

1+αε in
equation (2). We can interpret this elasticity intuitively. When the labor supply elasticity is high, inflows
have a bigger impact on income because a small increase in labor supply greatly bids down the price of labor.
When a monopolistic region faces a less elastic demand curve (σ ∼ 1), then it will not increase production
much in response to a migration-induced decrease in the cost of labor. As a result, incomes will fall to a
greater degree if the demand curve is more inelastic (σ is lower). In this way, monopolistically competitive
markets can provide a microfoundation for the result of downward-sloping labor demand.

For a standard calibration, in which ε = .6 and σ = 2 38, we have ε
per cap income
population = −.62. Note that

this value is larger in absolute value than the elasticities reported in Table 4, and implies that net migration
38The cross-regional elasticity of substitution used by Nakamura and Steinsson (2011).

28



prior to 1980 can account for the bulk of the observed convergence in that period. An extended version of
this model that allows for home-bias or non-traded goods could be constructed, but would produce even
larger elasticities. This example demonstrates that our results are predicated upon downward-sloping labor
demand, not decreasing returns to scale.

7.2 Endogenous Housing Demand

In Section 2, we derived a model in which all individuals had the same demand for one plot of land, which
meant that housing demand was completely inelastic. That assumption is convenient for exposition, but not
necessary for our results. Here we derive the two propositions in the text while allowing for endogenous,
non-homothetic housing demand.

7.2.1 Individual Decisions: Labor Supply and Housing Demand

We assume quasi Stone-Geary preferences, with a minimum housing requirement of H per worker. Workers
solve the following problem:

argmax
c,h,L

U = β ln (h−H) + (1− β) ln c− L1+ 1
�

1 + 1
�

+ λ [wψL− c− ph]

The first order conditions are
Uc :

1− β

c
= λ

Uh :
β

h−H
= λp

UL : L1/� = λwψ

which implies the following ratios between labor, consumption, and housing:

L = c−�(1− β)�w�ψ�

p (h−H) =
βc

(1− β)

We can use these ratios along with the household budget constraint to derive expressions for household
allocations in terms of prices and parameters:

c1+� + c�pH(1− β)− (1− β)1+�w1+�ψ1+� = 0

We now simplify the analysis by assuming � = 1, we can apply the quadratic formula to the previous
equation:

c =
−pH(1− β) + (1− β)

�
p2H2 + 4w2ψ2

2� �� �
Λ

h =
βΛ

(1− β)p
+H

L =
ψw(1− β)

Λ
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7.2.2 Indirect Utility

Given these allocations, household utility can be expressed in terms of paramters and prices:

V (p,H,w,ψ,β) = βln

�
βΛ

(1− β)p

�
+ (1− β) lnΛ− 1

2

�
ψw(1− β)

Λ

�2

Note that if H = 0, p = 1, Λ = (1− β)wψ. As a result, we have a simple expression:

V (1, 0, w,ψ,β) = βln (βwψ) + (1− β) ln ((1− β)wψ)− 1

2

= ln(w) + ln(ψ) + βlnβ + (1− β)ln(1− β)− 1

2� �� �
Constant

(14)

An individual’s indirect utility, and therefore the attractiveness of migration, increases in the city wage w.
Further if we now assume that the utility in Reservationville is proportional to ln(ψ), and that moving costs
are additive, migration is once again independent of skill type. Because we did not changed the firm side of
the economy, equation (14) is sufficient for establishing the results derived in Proposition 1.

7.2.3 Comparative Statics for Housing Prices and Returns to Migration

To compute the effect of housing prices on migration incentives, we take the derivative of indirect utility
with respect to housing prices.

V = βln





β

�
−pH+

√
p2H2+4w2ψ2

2

�

p



+ (1− β) ln

�
−pH(1− β) + (1− β)

�
p2H2 + 4w2ψ2

2

�
−

�
2ψw(1−β)

−pH(1−β)+(1−β)
√

p2H2+4w2ψ2

�2

2

= βln

�
−pH +

�
p2H2 + 4w2ψ2

p

�
+ (1− β) ln

�
−pH +

�
p2H2 + 4w2ψ2

�
− 2

�
ψw

−pH +
�

p2H2 + 4w2ψ2

�2

+ constant terms

∂V

∂p
=

pH +
�
p2H2 + 4w2ψ2

p
�
pH −

�
p2H2 + 4w2ψ2

� < 0 (15)

Equation (15) demonstrates that higher housing prices make moving to the Productiveville less attractive
for all types.

We explore how this effect varies by skill type by taking the cross-partial of this derivative with respect
to an individual’s skill type ψ. That expression yields:

∂V

∂p∂ψ
=

8ψHw2

�
p2H2 + 4w2ψ2

�
pH −

�
p2H2 + 4w2ψ2

�2 > 0 (16)

Equations (15) and (16) establish that higher prices reduce utility, and hence the incentive to migrate.
This mechanism has less of an impact on the utility of higher skilled agents, which replicates Proposition
2. Intuitively, the result emerges because the minimum housing requirement causes an individual’s housing
share of expenditure to fall with income. Therefore, higher housing prices induce a larger utility loss for
poorer agents.
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7.3 Proof of Proposition 1

Because limβ→∞ N1/β = 1, all terms in equation (4) are proportional to ψ1+�
k

, so x∗
k
= x∗∀k. In this case, the

share of people leaving Reservationville for Productiveville is F (x∗) for all skill types, where F is the CDF
for the distribution of moving costs. Under assumptions (1) and (2) all groups find it worthwhile to move to
Productiveville, and under assumption (3) these flows are of a lower average skill than the average skill level
in Productiveville. Using equations (2) and (3), we see that ε

per capita inc
pop < 0 and ε

per capita inc
avg skill level > 0.

Thus, per capita incomes fall in Productiveville.

7.4 Proof of Proposition 2

We again assume that x ≥ 0 , ∆(k) > 0 for all k , and that NP > 1. Thus. (N1/β
P

− 1) is continuous and
strictly monotonic in β and lim

β→0
(N1/β

P
−1) → ∞. By Bolzano’s theorem a strictly monotonic and continuous

function will intersect a fixed value at most once on the half-closed interval bounded by 0. The indirect
utility excluding housing in Productiville, ∆(k) , is by definition continuous and strictly monotonic in ψ.
As a result, there is a unique β∗

k
for which the left-hand side of equation 5 equal zero for each skill type ,

and this unique value β∗
k

is decreasing in k. For β > β∗
k
, the left-hand side of equation 5 is strictly positive

implying in-migration for skill type k. For β < β∗
k
, the left-hand side of equation 5 is strictly negative

implying out-migration for skill type k. The first case, where β → ∞, is proven in proposition 1.

8 Data Appendix (For Online Publication)

8.1 Human Capital Convergence

Calibrating the extent of human capital convergence across multiple years for all workers is more involved
than the reduced forms for people aged 25-44 that are discussed in the text. For each year t, we estimate
the returns to human capital using the specification

logWageIncomeik = αk +Xikβ + εik

For all human capital analyses (Table 3 and Appendix Table 2) as well as inequality analysis (Appendix
Table 8), we winsorize income or wages at the 1st and 99th percentile. Skill level k is defined empirically
as the interaction of completed schooling levels (0 or NA, Elementary, Middle, Some HS, HS, Some Col-
lege, College+), a dummy for black and a dummy for Hispanic. We also run the same regression with
log WageIncomeik

AnnualHoursik
as the dependent variable.

We made every effort to code annual hours consistently across years. Because hours last week are reported
in intervals in 1960 and 1970, we code each observation using the sample mean of hours within that interval
from other years. In 2000 and 2010, the hours data come from the usual number of hours per week.

For people aged 25-44, we computed �Inck = exp(αk) and

∆HC25−44
s

=
�

k

�InckShare25− 44ks,residence − �InckShare25− 44ks,birth

For the calibration, we are interested in the migration flows of older workers, not just those aged 25-44. For
people aged 45-64, we add superscript t to index time for when the cohort was observed, we measure the
impact of migration in the last 20 years as:

∆HC45−64
st

=
�

k

�Inck(Share45− 64t
ks,residence

− Share25− 44ks,
t−20
residence

)

Specifically, we compare the human capital level of people residing in state s of ages 45-64 today to the
human capital level of people residing in state s of ages 25-44 in the Census 20 years ago. To ensure that
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we are picking up changes in the human capital mix rather than changes in the human capital premia, we
use premia �Inck calculated for year t. For example, for the human capital change from 1960-1980, we would
calculate �Inck from the 1980 Census. Then, letting s25−44

st
index the share of people aged 25-44 in state s

and ∆s25−44
st

= s25−44
st,res

− s25−44
st,birth

, we can compute the total change in human capital due to migration as

∆HCst = s25−44
st

∆HC25−44
st� �� �

Young Cohort: Res vs. Birth

+ s45−65
st

∆HC45−64
st� �� �

Old Cohort: Res vs. Res t-20

+ ∆s25−44
st

(HC25−44
st−1 −HC45−64

st−1 )
� �� �

Cohort Share Change × Cohort Diff

We conduct robustness checks where we drop foreign-born and black migration. For example, for the
foreign-born case, we would estimate

∆HCnative

t
=

�

j∈native

sj
t
∆HCj

t
+



∆sj
t
−

sj
t−1�

j∈native
sj
t−1

∆
�

j∈native

sj
t



HCj

t−1

where sj
t

and HCj

t
are estimated only for native-borth workers, and j indexes age groups. Note that

s25−44
st,native

+ s45−64
st,native

< 1, which is different from the baseline setting. Note also that we normalize the share

change ∆sj
t

by s
j
t−1�

j∈native s
j
t−1

∆
�

j∈native
sj
t
. The reason for this is that if we did not do this normalization, a

state that got lots of immigrants would actually look like it had falling human capital, since ∆snative
t

would be
negative. We use the same procedure to analyze the role of nonblack migration. We also conduct robustness
checks where we characterize the overall change in human capital (including within-state accumulation) as

log(HCt)− log(HCt−20)

8.2 Labor Market Area Analysis

For the analysis in Appendix Table 1, Panel C, we construct a panel of income and population at the Labor
Market Area (LMA) level. LMAs are linked by intercounty commuting flows and partition the United States
(Tolbert and Sizer, 1996). LMA population is constructed simply by adding the population of constituent
counties. LMA income is estimated as the population-weighted average of county-level income. The income
series uses median family income from 1950-2000 from Haines (2010) and USACounties (2012). In 1940 and
2010, the series is unavailable. In 1940, we use pay per manufacturing worker from Haines (2010). Pay per
manufacturing worker which had a correlation of 0.77 with median family income in 1950, a year when both
series were available. In 2010, we use median household income from USACounties (2012), which had a
correlation of 0.98 with median family income in 2000, a year when both series were available.

For the analysis in Appendix Table 6, we use 1980 and 2000 because 1970 doesn’t have geographically
coded migration, 1960 lacks any sub-state geographies, and 1950 & 2010 record migration relative to 1 year
ago. We construct a consistent geographic coding at the LMA level. Sometimes, multiple LMAs will be
associated with a single PUMA or county group. In that case, we use population weights to probablistically
assign observations to LMAs. For example, suppose a person lived in a PUMA which has 75% of its
population in LMA A1 and 25% in LMA A2. She moved to a PUMA that was equally divided between
LMA B1 and LMA B2. We form four migration records: 3/8 weight A1 -> B1, 3/8 weight A1 -> B2,
1/8 weight A2 -> B1, and 1/8 weight A2 -> B2, and multiply each of these weighted by the already-given
person weights. We then use current LMA of residence and LMA of residence 5 year ago to compute net
migration counts for people with and without BAs. Finally, we compute a net migration rate for each skill
group relative to the total LMA population 5 years ago.
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FIGURE 1

The End of Income Convergence
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Notes: The y-axis in first two panels is the annual growth rate of income per capita. The third panel
plots coefficients from 20-year rolling windows. The larger red and purple dots correspond to the coefficients
from the top two panels. Income data from the Bureau of Economic Analysis (2012). Alaska, Hawaii, and
DC are omitted here, and in all subsequent figures and tables.
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FIGURE 2

The End of Directed Migration
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Notes: The y-axis in first two panels is the annual growth rate of log population. Third panel plots
coefficients from 20-year rolling windows for population changes and income changes. The larger red and
purple dots correspond to the coefficients from the top two panels.
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FIGURE 3

Rising Prices in High Income States
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Notes: The first two panels regress median housing value on income per capita at the state level. The
third panel plots coefficients from 20-year rolling windows. The larger red and purple dots correspond to
the coefficients from the first two panels.
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FIGURE 4

Returns to Migration: Skill-Specific Income Net of Housing Cost
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Notes: This figure plots the relationship between unconditional mean household income and mean skill-
specific income net of housing costs. The x-axis plots state-wide average household wage income for house-
holds with at least one labor force participant aged 25-65. The y-axis plots the mean household wage income
net of housing cost for high- and low-skilled households after controlling for household demographics (see
Section 3.1 for details). Housing costs are defined as 5% of house value for homeowners and 12X monthly
rent for renters. High-skilled households are defined as households in which all adult workers have 12+ years
of education in 1940 (a bachelor’s degree in 2000) and low-skilled households are defined as households in
which no worker adult worker has this level of education. The roughly 15% of mixed skill-type households
in each year are dropped from the construction of the dependent variable, but not from the computation of
unconditional state average income.
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FIGURE 5

Migration Flows by Skill Group: Nominal vs. Real Income, 1940
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Notes: These panels plot net migration as a fraction of the population ages 25-65 for 466 State Economic
Areas (SEA) in the 1940 IPUMS Census extract. Each panel stratifies the SEAs into 20 quantiles by income,
weighting each SEA by its population, and then computes the mean net migration within each quantile. The
two top panels plot net migration as a function of the log household wage income in the SEA, for individuals
with less than 12 years of education (left) and those with 12+ years (right). The two bottom panels plot
the migration rates for these skill groups against the log skill-group mean value of household wage income
net of housing costs. Housing costs are defined as 5% of house value for homeowners and 12X monthly rent
for renters. All x-axis variables are computed for non-migrating households with at least one labor force
participant aged 25-65.
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FIGURE 6

Migration Flows by Skill Group: Nominal vs. Real Income, 2000
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Notes: These panels plot net migration as a fraction of the population ages 25-65 for 1,020 3-digit Public
Use Microdata Area (PUMA) in the 2000 IPUMS 5% Census extract. Each panel stratifies the PUMAs into
20 quantiles by income, weighting each PUMA by its population, and then computes the mean net migration
within each quantile. The two top panels on the top plot migration rates as a function of log household
wage income in the PUMA, for individuals with less than 4 years of college (left) and with 4+ years (right).
The two bottom panels plot the migration rates for these skill groups against the skill-group mean value of
household wage income net of housing costs. Housing costs are defined as 5% of house value for homeowners
and 12X monthly rent for renters. All x-axis variables are computed for non-migrating households with at
least one labor force participant aged 25-65.
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FIGURE 7

The Decline of Human Capital Convergence
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Notes: Human capital index is estimated by regressing log Incik = αk+Xikβ+εik, and then constructing
Human Capital

s
=

�
k
exp(α̂k) × Shareks. We separately estimate the human capital index by state of

residence and by state of birth, to develop a no-migration counterfactual. The top panels show figures from
a regression of HumanCaps,res −HumanCaps,birth = α + βHumanCaps,birth + εs in 1960 and 2010. The
skill premium ({αk}) is estimated in the 1980 Census, and these estimates are applied to skill shares in
different Census years. The sample is aged 25-44 to capture human capital convergence from the prior 20
years, and because this group has much higher migration rates than people ages 45-64. See the data appendix
for details. The bottom panel plots a timeseries of coefficients. The larger red and purple dots correspond
to the coefficients from the first two panels.
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FIGURE 8

Regulation Measure: Timeseries and Validity
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Notes: The top left panel plots the cumulative frequency of cases containing the phrase “land use” in the
state appeals court databases as a fraction of total cases to date. The years 1920-1940 are included in the
totals to initialize the series but are not plotted.

The top right panel plots the relationship between the 1975 values of the regulation measure introduced in
the text and the sum of affirmative answers to the regulation questions asked in the 1975 American Institute
of Planners Survey of State Land Use Planning Activities. The fit line excludes MD.

The lower left panel plots the relationship between the 2005 values of the regulation measure introduced
in the text and the 2005 Wharton Residential Land Use Regulatory Index. The fit line excludes ME.

The lower right panel plots on the y-axis 2005 Wharton residuals, conditional on the 1975 survey measure.
In all three panels, the court-based regulation measure is predictive of the other regulation measures.
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FIGURE 9

Income Convergence by Housing Supply Elasticity
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Notes: The top panels reconstruct Figure 1, by relabeling states according to their regulation levels. Blue
states (upper case) have above median housing supply elasticity using our regulation measure and red states
(lower case ) have below median elasticity. Regulation measured in 1941 for left panel and in 2005 for right
panel.

The bottom panel depicts the coefficients from running: ∆Incs,t = αt + βIncs,t−20 + εs,t over rolling
twenty year windows. The regressions are estimated separately for two equally sized groups of states, split
along their measure of land use regulations from the legal database. The groups are split at the median
every year, so the composition of the groups changes over time.
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APPENDIX FIGURE 1 (For Online Publication)

Income Convergence in the United States
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Notes: Income data from Kuznets et al. (1964), and the Bureau of Economic Analysis (2012). All dollars
are in real 2012 terms. Oklahoma was a federal territory at the time of the 1880 Census and so no separate
income measurement is available.
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APPENDIX FIGURE 2

Engel Curve for Housing
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Note: This figure plots the relationship between the share of household income spent on housing and
average income in the 2010 ACS. Annual income is volatile, meaning that an apparently non-homothetic
cross-sectional relationship between housing share and annual income might not reflect the true relationship
between housing share and permanent income. To address this issue, we instrument for an individual’s
income using her education level. We then compute average income as the average of predicted income for
adults in the household. The top panel stratifies MSAs into 20 quantiles by MSA average income, and then
computes the housing share within each quantile. The bottom panel stratifies households into 20 quantiles
by household average income net of an MSA fixed effect, and then computes the housing share within each
quantile, conditional on MSA fixed effects. Housing expenditure is computed as twelve times monthly rents
or 5% of housing costs. Housing shares above 100% and below zero are excluded.
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APPENDIX FIGURE 3

Gross Interstate Migration
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Notes: This figure reports gross migration rates from various public use data sets. The first panel
shows the domestic interstate 5-year migration rate (“Were you living in a different state 5 years ago?”), the
second panel shows the domestic 1-year migration rate from the March Current Population Survey, the IRS
migration files, and the American Community Survey. The third panel shows the 5-year migration rate,
disaggregated by skill group, for people 25 or older.
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APPENDIX FIGURE 4

Income Convergence by Housing Supply Elasticity (Saiz)
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Notes: The top panels reconstruct Figure 2, relabeling states according to their housing supply elasticities
levels, split along their measure of housing supply elasticity in Saiz (2010). We weight the time-invariant
MSA-level measures from Saiz by population to produce state-level estimates and impute a value for Arkansas
based on neighboring states. Blue states (upper case) have above median housing supply elasticity and red
states (lower case ) have below median elasticity.

The bottom panel depicts the coefficients β from running: ∆Incs,t = αt + βIncs,t−20 + εs,t over rolling
twenty year windows. The regressions are estimated separately for two equally sized groups of states.
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APPENDIX FIGURE 5

Regulation Measure: Relevance and Placebo Tests
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Notes: The first panel depicts the relationship between the regulation measure described in the text and
log housing prices after controlling for state and year fixed effects. The coefficient and standard error for this
regression are presented below the title. The data are divided in to 20 equally sized bins for the presentation.
n=288, one observation for year-decade from 1960 forward. Standard errors clustered by state.

The second panel plots the cumulative distribution functions of the coefficients estimated in three sets
of placebo monte-carlo experiments. The CDFs plot the coefficients β from the regression ∆ log Incit =
α + β1(Westit > qWest

50 ) × log Inci,t−20 + η1(Westit > qWest

50 ) + γ log Inci,t−20 + εit, where qWest

50 is the
median value of the regulations in 2005. The monte carlo experiments reassign the actual regulation values
either (a) across both states and time (b) across years within a state, preserving the fixed cross-sectional
variation, and (c) across states within a year, preserving the fixed time-series variation. The coefficient from
the same regression using the true regulation series is plotted as a vertical line in black.
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APPENDIX FIGURE 6

Reduced Form Changes in Income vs. Changes in Population
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Note: This figure plots the relationship between twenty year annual growth rates in state income per
capita against twenty year growth rates in state population, controlling for state and year fixed effects. State-
year bins are divided into twenty quantiles based on population growth rates and average annual growth
rates are calculated for each bin, conditional on state and year fixed effects.
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APPENDIX FIGURE 7

Capital Convergence, 1880-1920, and Interest Rates, 1880-2002
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Notes: The first panel shows capital convergence (or lack thereof) between 1880 and 1920 using estimates
come from Kuznets et al. (1964). The original source for the capital estimates is the Census of Wealth.

Data series were assembled by Landon-Lane and Rockoff (2007) from bank reports.
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Mean SD Mean SD Mean SD Mean SD

Personal Income Per Capita ($000, 2012 $) 8.83 3.18 16.34 3.15 26.63 3.63 38.41 5.95

Population (Million) 2.73 2.69 3.72 3.80 4.69 4.76 5.83 6.26

Human Capital Level Per Capita (1 indicates 
everyone is non-black non-Hispanic with HS degree) 0.79 0.08 0.93 0.06 1.09 0.04 1.27 0.05

Median House Price ($000, 2012 $) 39.7 15.4 85.2 18.6 129.4 32.1 152.3 44.5

Regulation Measure (share of cases relating to land 
use*100) 0.07 0.04 0.14 0.09 0.35 0.26 0.53 0.47

Fraction Age 25-65 with
     12+ Years of Education 0.26 0.44 0.45 0.5 0.73 0.44 0.88 0.33
     16+ Years of Education 0.05 0.21 0.08 0.28 0.18 0.38 0.27 0.44

Sources: IPUMS Census extract, BEA Income estimates, Price index from Lindert and Sutch (2006) and an online 
database of state appellate court documents.
Notes: n=48 states, excluding Alaska, Hawaii, and DC. Dollar amounts are in real 2012 dollars. Human Capital Level is 
measured using education, race, and age. See Section 3.3 for details on Human Capital Level construction. The 
regulation measure for 1941 is reported in place of the unavailable 1940 statistics.

TABLE 1
Summary Statistics

1940 1960 1980 2000



Effect of Log Inc Per Capt-20 on…

Income Convergence 1950 1960 1970 1980 1990 2000 2010
Y: ! Log Inc Per Capita (Annual Rate in %)
     Coefficient -2.38 -2.41 -1.98 -1.85 -0.58 -0.39 -0.99
     Standard Error 0.16 0.11 0.16 0.15 0.31 0.46 0.29

Directed Migration
Y: ! Log Pop (Annual Rate in %)
     Coefficient 0.56 1.60 2.13 0.75 0.26 1.18 -0.48
     Standard Error 0.27 0.37 0.60 0.78 1.03 1.05 0.64

Y: ! Log Pop Net Migration (Birth-Death Method)
     Coefficient 1.16 2.68 2.92 1.14 0.78 1.06 -0.49
     Standard Error 0.19 0.36 0.59 0.77 0.97 1.02 0.58

Y: ! Log Pop Net Migration (Survival Ratio Method)
     Coefficient 1.29 2.04 2.20 0.67 0.05 -- --
     Standard Error 0.23 0.35 0.58 0.77 0.92 -- --

Sources: BEA Income estimates, Ferrie (2003) and Fishback et al. (2006)
Notes: Robust standard errors are shown below coefficients. Birth-death method uses state-level vital statistics 
data to calculate net migration as ObservedPopt - (Popt-10 + Birthst,t-10 + Deathst,t-10). Survival ratio method 
computes counterfactual population by applying national mortality tables by age, sex, and race to the age-sex-race 
Census counts from 10 years prior. The dependent variable for the last two rows is log (net migrationt,t-20 + popt-20) - 
log(popt-20). Both published series end in 1990, and we use vital statistics to construct the birth-death measure 
through 2010.

TABLE 2
Income Convergence and Population Flows

20 year period ending in…



1960 1980 1990 2000 2010
Convergence in State Human Capital Levels
     (1) Y: 20-year Change in Human Capital due to Migration 
          (Annual Rate in %) 
          X: Human Capital t-20 -0.30 -0.21 -0.19 -0.15 -0.07

Convergence in Human Capital Levels of High- and Low-Income States

Assumptions for Human Capital Measurement
     (2) Annual income -0.25 -0.13 -0.05 -0.13 0.05
     (3) Hourly wage, impute hours with " = 0 -0.19 -0.12 -0.03 -0.08 0.03
     (4) Hourly wage, impute hours with " = 0.6 -0.30 -0.19 -0.05 -0.10 0.08
     (5) Hourly wage, impute hours with " = 2.6 -0.58 -0.44 -0.15 -0.09 0.33

Alternate Samples
     (6) Drop blacks -0.01 0.01 0.04 -0.06 0.07
     (7) Drop foreign-born -0.25 -0.07 0.05 0.03 0.13
     (8) 20-year Change in Human Capital -0.21 -0.26 -0.18 -0.37 -0.07

Notes: Each cell is a coefficient from a cross-sectional regression of change in human capital on lagged human 
capital or income.  See Appendix Table 2 for income and wage premia by year and skill group and the Data 
Appendix for details on index construction. Data on the 1950-1970 are missing because the Census only asked 
education and income of household heads in 1950.                                              
(1) Human capital index for state i at date t calculated as HCit = !jincjt*shareijt.  Change in Human Capital due to 
Migration is pop-weighted sum of 
     HC by state of residence minus HC by state of birth (ages 25-44) plus
     HC by state of residence (ages 45-64) minus HC by state of residence 20 years ago (for people then ages 25-
44). Groups j include education, black and Hispanic dummies and incjt is calculated using a Mincerian 
regression.
(2) Replicates specification (1), with y variable as log(!HumanCapital + HumanCapitalt-20) - log(HumanCapitalt-

20) and x variable as Log Inc Per Capt-20.
(3, 4, 5) Replicates row 2, with alternative labor supply assumptions. HCit = !jwagejt^(1+")*shareijt, where wage 
is calculated as annual wage income/annual hours and " is parameterized to reflect labor supply differences by 
skill level from the model (Section 2.1.1). 
(6, 7) Replicates specification (2), assuming no change in human capital levels for blacks and foreign-born 
respectively. 
(8) log(HumanCapitalt) - log(HumanCapitalt-20). Unlike the measures developed above, which focuses 
exclusively on changes due to migration, this measure includes changes in human capital accumulation by 
nonmovers.

     Y: log(20-year Change in Human Capital due to Migration + Human Capital t-20) - log(Human Capital t-20)
          (Annual Rate in %) 
     X: Log Inc Per Cap t-20

TABLE 3
Human Capital Convergence



 Annual Construction 
Permitst

Log House 
Price t-20

 !Log 
Populationt, t-20

 ! Log Human 
Capitalt,t-20

 ! Log Income 
Per Capt,t-20

% of Housing Stock Annual Rate in % Annual Rate in % Annual Rate in %
(1) (2) (3) (4) (5)

Land Use Reg Measure 1(landuseit>landusemedian
2005)

Log Inc Per Capt-20 1.865 1.026*** 2.042** -0.239** -2.306***
(1.667) (0.0904) (0.915) (0.0958) (0.209)
-2.423 0.667*** -2.812** 0.297** 3.199***
(1.790) (0.185) (1.087) (0.144) (0.382)

Year*High Reg FEs Y Y Y Y Y
R2 0.182 0.859 0.129 0.837 0.782
N 1,536 336 2,976 288 2,976

TABLE 4
Impacts of Regulation on Permits, Prices, Migration, and Convergence

Notes:  The table reports the coefficients #1 and #2 from regressions of the form: !lnyit=$t+$tI(reg>x)+#1lnyit-1+ #2lnyit-1 x 
I(reg>x)+"it. The construction of the land use regulation measure is described in the text, and the 'high regulation' cutoff 
value is set to the measure’s 2005 median value. The dependent variables are new housing permits from the Census 
Bureau, the median log housing price from the IPUMS Census extracts, population change, the change in log human 
capital due to migration, and the change in log per-capita income. Standard errors clustered by state. *** p<0.01, ** 
p<0.05, * p<0.1 

Log Inc Per Capt-20 
*High Reg



Inputs from Model and Literature
Decreasing returns to labor ! 0.33
Elasticity of labor supply " {0, 0.6, 2.6} 0
(1) " income wrt !pop =-!(1+")/(1+!") from Equation 2 0.6
(3) " income wrt !"umanCapital =(1-!)/(1+!") from Equation 3 2.6

Inputs from Data 1950-1980 2010 Difference
(2) avg directed mig coef (Table 2) 1.26 -0.48 -1.74
(4) avg sort coef (Table 3)

" = 0 -0.15 0.03 0.19
" = 0.6 -0.24 0.08 0.33
" = 2.6 -0.51 0.33 0.84

Calculation "inc
!pop

Change in 
Directed 

Migration "inc
!HumanCap

Change in Human 
Capital 

Convergence

Annual Rate in % Annual Rate in % Annual Rate in %

+ = (5)

-0.33 -1.74 0.67 0.19 0.70

-0.44 -1.74 0.56 0.33 0.95

-0.64 -1.74 0.36 0.84 1.41

Average Observed Convergence Coef (#!inc
laginc)

Observed Convergence Rate, 20-Year Windows Ending In 1950-1980 -2.10
Observed Convergence Rate, 20-Year Window Ending In 2010 -0.99

Change in Convergence 1.11

Notes: This table estimates the role of migration in income convergence. Migration drives convergence through 
population flows from poor to rich states (measured in Table 2) and human capital flows from rich to poor states 
(measured in Table 3). The effect of these changes on income per capita is calibrated using the model (equation 7) and 
different assumptions on the elasticity of labor. We consider three scenarios: (1) balanced growth preferences, (2) a 
labor supply elasticity of 0.6, and (3) a labor supply elasticity of 2.6. 

TABLE 5
Calibration: Role of Population and Human Capital in Income Convergence

Inelastic Labor 
Supply " = 0

Elastic Labor Supply 
" = 0.6

Very Elastic Labor 
Supply " = 2.6

Population Channel Human Capital Channel

Change in Predicted 
Income Convergence

(1)     *     (2) (3)     *     (4)



Year 1980 2005 1980 2005 1980 2005
(1) (2) (3) (4) (5) (6)

Log Inc Per Capt-25 -1.836*** -1.609*** -1.712*** -1.368*** -1.833*** -1.355***
(0.0955) (0.368) (0.190) (0.390) (0.231) (0.480)

Log Inc Per Capt-25 * 0.410 1.769*** 0.212 1.165* 0.262 1.105*
Low Elasticity Measure (0.258) (0.587) (0.295) (0.602) (0.249) (0.626)

Low Elasticity Dummy Y Y Y Y Y Y
R2 0.738 0.249 0.730 0.190 0.737 0.163
N 48 48 48 48 48 48

Low Elasticity 
Measure

Notes:  The table reports the coefficients !1 and !2 from regressions of the form 
 "lnyit,t-25=!1+#2I(reg>x)+!1lnyit-25+ !2lnyit-25 x I(reg>x)+$i  
for the periods 1955-1980 and 1980-2005.  In all columns the states are divided into equally-sized high and low elasticity 
groups.The first two columns divide states based on the value of their regulation instrument in 2005. The second two 
columns divide states based on the value of their regulation instrument in 1955 ("latent regulation"). The final two 
columns divide states based on the population-weighted land availability constructed from Saiz (2010).  The table reports 
the annualized rate over 25 years. 2005 is chosen as a cutoff for the high-regulation period to avoid confounding from the 
2007-2009 recession. The correlation between the high regulation dummy in 2005 and the high regulation dummy in 1955 
is .58. The correlation between both regulation dummies and the low geographic avaliability dummy is .33.
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

Latent Tendency to Regulate, Geographic Land Availability, and Convergence
TABLE 6

 Above Median Regulation 
2005

 Above Median Regulation 
1955

Low Geographic
 Land Availability

Log Income Per Capt - Log Income Per Capt-25 (Annual Rate in %)



Panel A: Cross-Sectional Standard Deviation of Income
1950 1960 1970 1980 1990 2000 2010

BEA Log Inc Per Cap 0.236 0.199 0.155 0.137 0.150 0.150 0.138

Panel B: Additional Convergence Regressions
"ln yit (Annual Rate in %) = #+!tln yit-1+$it

20 year period ending in…
OLS BEA 1950 1960 1970 1980 1990 2000 2010
     Coefficient -2.38 -2.41 -1.98 -1.85 -0.58 -0.39 -0.99
     Standard Error 0.16 0.11 0.16 0.15 0.31 0.46 0.29

OLS Census
     Coefficient -- -1.82 -2.33 -2.42 -0.36 -0.26 -1.33
     Standard Error -- 0.13 0.16 0.12 0.33 0.50 0.32

IV BEA with Census
     Coefficient -- -2.46 -1.65 -1.59 -0.37 -0.22 -1.23
     Standard Error -- 0.12 0.22 0.25 0.32 0.46 0.42

IV Census with BEA
     Coefficient -- -1.81 -2.42 -2.37 -0.48 -0.27 -0.84
     Standard Error -- 0.12 0.18 0.14 0.38 0.59 0.27

Panel C: Convergence and Directed Migration at Labor Market Area Level
"ln varit (Annual Rate in %) = #+!tln yit-1+$it

20 year period ending in…
Income Convergence 1950 1960 1970 1980 1990 2000 2010
     Coefficient -- -0.97 -1.69 -2.13 -0.21 0.23 -0.26
     Standard Error -- 0.19 0.10 0.13 0.18 0.26 0.16

Change in Population
     Coefficient -- 1.82 1.73 -0.02 -0.88 0.17 0.13
     Standard Error -- 0.31 0.26 0.32 0.42 0.41 0.25

APPENDIX TABLE 1 -- For Online Publication
" Convergence, Measurement Error in Convergence and Labor Market Area-Level Analysis

Notes: Panel A. This panel reports the standard deviation of log income per capita across states. This corresponds to the 
" convergence concept in Barro and Sala-i-Martin (1992).
Panel B. Table 2 calculated convergence coefficients using data on personal income from the BEA. That specification is 
biased in the presence of classical measurement error. We address the bias issue by instrumenting for the BEA measure 
using an alternative Census measure and vice versa.  The Census measure is log wage income per capita for all earners, 
except in 1950 where it is only household heads. The first stage F-statistics range from 189 to 739. Classical 
measurement error is not an issue in these IV regressions, and the convergence coefficients display a similar time-series 
pattern. 
Panel C. This panel replicates the "OLS Census" specification from this table and the "" Log Pop" specification from 
Table 2 at the Labor Market Area (LMA) level, with each LMA weighted by its population. LMAs are 382 groups of 
counties which partition the United States. See Data Appendix for details on construction of LMA sample. 



Elem Middle <HS HS <BA BA+

Panel A: Annual Income
     1940 0.38 0.56 0.77 1.00 1.17 1.63
     1950 0.50 0.66 0.81 1.00 1.07 1.35
     1960 0.44 0.65 0.83 1.00 1.13 1.55
     1970 0.52 0.68 0.82 1.00 1.14 1.60
     1980 0.59 0.68 0.79 1.00 1.15 1.55
     1990 0.60 0.67 0.73 1.00 1.25 1.86
     2000 0.66 0.68 0.72 1.00 1.25 1.91
     2010 0.64 0.68 0.70 1.00 1.28 2.17

Panel B: Hourly Earnings
     1940 0.53 0.69 0.86 1.00 1.19 1.61
     1950 0.67 0.79 0.90 1.00 1.13 1.34
     1960 0.60 0.76 0.90 1.00 1.14 1.48
     1970 0.65 0.76 0.88 1.00 1.16 1.59
     1980 0.69 0.76 0.87 1.00 1.13 1.48
     1990 0.68 0.74 0.84 1.00 1.19 1.70
     2000 0.70 0.74 0.81 1.00 1.20 1.76
     2010 0.69 0.74 0.79 1.00 1.22 1.89

Notes: Returns to education are expressed relative to workers with 12 years of education (1940-1980) and a high school 
degree (1990-2010). Income sample is all people ages 25-64, except 1950, when only incomes of household heads were 
recorded. Earnings sample is all people with positive wage income. Income and earnings are winsorized at 1st and 99th 
percentile to minimize the influence of outliers.
Panel A: Returns to education in terms of annual wage income are calculated using a Mincerian regression. The 
specification generally follows Delong, Goldin and Katz (2003), with dummies for black, Hispanic, and foreign-born, 
and a quartic in experience interacted with female.
Panel B: Mincerian regression uses annual wage income divided by annual hours. 

APPENDIX TABLE 2
Income and Wage Premia by Human Capital Level



1940 1960 1970 1980 1990 2000 2010

Panel A. Returns to Migration (OLS)

Average State Income 0.880*** 0.736*** 0.786*** 0.726*** 0.657*** 0.539*** 0.356***
(0.020) (0.026) (0.042) (0.077) (0.035) (0.035) (0.046)

-0.180** 0.133 0.090 0.040 0.227** 0.614*** 0.610***
(0.066) (0.077) (0.066) (0.116) (0.071) (0.092) (0.075)

N 255,391 306,576 339,412 2,116,772 2,924,925 3,142,015 694,985

Panel B: Returns to Migration (IV for State of Residence with State of Birth)

Average State Income 0.932*** 0.776*** 0.859*** 0.772*** 0.667*** 0.488*** 0.258***
(0.029) (0.038) (0.055) (0.093) (0.036) (0.035) (0.051)

-0.212*** -0.036 -0.083 -0.353** 0.222** 0.708*** 0.614***
(0.057) (0.100) (0.097) (0.137) (0.086) (0.122) (0.123)

N 255,391 306,576 339,412 2,116,772 2,924,925 3,142,015 694,985

Panel C: Differential Impacts of Housing Costs in High-Income States (OLS)

Log Average State Income 1.203*** 1.116*** 1.492*** 1.645*** 2.765*** 2.357*** 2.612***
(0.113) (0.104) (0.172) (0.436) (0.326) (0.314) (0.363)

0.531*** -0.241** -0.206 -0.382 -0.379* -0.761*** -0.749***
(0.120) (0.080) (0.131) (0.294) (0.183) (0.200) (0.213)

N 269,172 324,895 358,036 2,104,099 2,857,523 3,159,098 707,898

Returns to Living in a High Income State by Skill

Income Net of Housing Costs

Notes: All standard errors are clustered by state. *** p<0.01, ** p<0.05, * p<0.1
Panel A. This panel reports the coefficients !1 and !2 from the regression Yi-Pi="+#Skilli + !1Y + !2Y * Skilli + $Xi + %i, 
where Yi and Pi measure household wage income and housing costs respectively, Y measures average state income and Xi 
are household covariates. Household Skilli is the fraction of household adults in the workforce who are skilled, defined as 
12+ years of education in 1940 and 16+ years thereafter. Household covariates are the size of the household, the fraction 
of adult workers who are black, white, and male, and a quadratic in the average age of adult household workers. Housing 
costs Pi are defined as 5% of house value or 12 times monthly rent for renters. 1950 is omitted since income data are 
available only for household heads. 
Panel B. The IV regressions replicate panel A, but instrument for average state income and its interaction with household 
skill using the average income of the state of birth of adult household workers. The first stage F-statistics in these 
regressions exceed 80. 
Panel C. This panel reports the coefficients !1 and !2 from the regression log(Pi)="+#Skilli + !1log(Y) + !2log(Y)* Skilli + 
$Xi + %.

APPENDIX TABLE 3

Income Net of Housing Costs

Log Housing Costs

Average State Income X  
HH Skill

Average State Income X  
HH Skill

Log Average State Income 
X  HH Skill



Double Exclude Only Mig Measure
Baseline Housing Cost In-State Mig Whites Birth State

(1) (2) (3) (4) (5)
Panel A: Low-Skill People, 1940

1.313*** -- 1.049** 1.007** 1.086**
(0.470) -- (0.438) (0.443) (0.443)

1.236*** 1.109*** 1.017*** 0.980*** 0.995***
(0.364) (0.274) (0.350) (0.352) (0.338)

Panel B: High-Skill People, 1940
0.611 -- 0.617 0.585 0.475

(0.392) -- (0.419) (0.387) (0.411)

0.773* 0.899** 0.905* 0.821* 0.701
(0.400) (0.337) (0.462) (0.415) (0.513)

Panel C: Low-Skill People, 2000
Log Nominal Income -2.173** -- -2.456*** -2.377*** 0.281

(1.006) -- (0.792) (0.757) (8.453)

4.309** 6.042*** -0.357 1.725 -11.99
(2.007) (2.140) (1.167) (1.418) (11.51)

Panel D: High-Skill People, 2000
Log Nominal Income 4.077*** -- 1.786*** 2.894*** 19.32***

(0.694) -- (0.611) (0.649) (5.373)

4.715*** 3.634*** 1.937*** 3.593*** 14.06***
(0.894) (1.280) (0.701) (0.874) (4.567)

Note: Each cell represents the results from a different regression. The table regresses 5 year net-migration rates on 
average income and skill-specific income net of housing. Low-skill is defined as having less than 12 years of education 
in 1940 and less than a BA in 2000. In 1940, the unit of observation is State Economic Area, with n=455 to 466, 
depending on specification. In 2000, the unit of observation is three-digit Public Use Microdata Areas, with n=1,020. 
The baseline case reproduces the results in Figures 5 and 6. The second column shows the effect of doubling the housing 
costs described in the text to control for non-housing price differences across places. The third column excludes intra-
state migrants in calculating net-migration rates. The fourth column excludes non-white migrants in calculating net-
migration rates. The final measure calculates migrants as the number of residents residing outside their state of birth. 
Additional details are presented in the text. Standard errors clustered by state. *** p<0.01, ** p<0.05, * p<0.1

Log Nominal Income

Log Group-Specific Income Net 
of Housing

APPENDIX TABLE 4
Migration Flows by Skill Group: Nominal vs. Real Income

Log Group-Specific Income Net 
of Housing

Log Nominal Income

Dep Var: 5-Year Net Migration as Share of Total Pop

Log Group-Specific Income Net 
of Housing

Log Group-Specific Income Net 
of Housing



State 1950 1980 2010
AL 0.025 0.071 0.077
AR 0.045 0.161 0.174
AZ 0.032 0.261 0.542
CA 0.088 0.520 1.007
CO 0.128 0.422 0.568
CT 0.110 0.518 1.739
DE 0.105 0.370 0.679
FL 0.053 0.102 0.114
GA 0.024 0.108 0.205
IA 0.072 0.221 0.311
ID 0.179 0.295 0.885
IL 0.096 0.373 0.232
IN 0.042 0.305 0.290
KS 0.074 0.231 0.205
KY 0.065 0.148 0.258
LA 0.086 0.098 0.101
MA 0.084 0.449 0.629
MD 0.152 1.344 1.013
ME 0.156 0.738 3.388
MI 0.091 0.450 0.420
MN 0.095 0.478 0.761
MO 0.084 0.269 0.304
MS 0.030 0.092 0.245
MT 0.097 0.347 0.521
NC 0.073 0.171 0.286
ND 0.035 0.260 0.384
NE 0.121 0.185 0.307
NH 0.196 0.943 2.407
NJ 0.192 0.765 1.345
NM 0.135 0.157 0.430
NV 0.343 0.393 0.145
NY 0.025 0.094 0.180
OH 0.102 0.348 0.260
OK 0.032 0.080 0.153
OR 0.089 0.891 1.079
PA 0.056 0.308 0.331
RI 0.197 0.526 1.360
SC 0.092 0.173 0.446
SD 0.026 0.177 0.451
TN 0.065 0.186 0.288
TX 0.075 0.116 0.141
UT 0.128 0.182 0.539
VA 0.130 0.535 0.660
VT 0.062 0.594 1.292
WA 0.050 0.503 1.373
WI 0.114 0.317 0.425
WV 0.076 0.166 0.518
WY 0.000 0.207 0.676

APPENDIX TABLE 5

Cumulative Fraction of "Land Use" Cases To Date

Data from an online database of state appellate court documents. Cumulative count begins in 1920 
and runs to date reported. The table is expressed as 100 times the share of land use cases to date.



 Annual Construction 
Permitst

Log House 
Price t-20

 !Log 
Populationt, t-20

 ! Log Human 
Capitalt,t-20

 ! Log Income Per 
Capt,t-20

% of Housing Stock Annual Rate in % Annual Rate in % Annual Rate in %
(1) (2) (3) (4) (5)

Zoning Reg Measure 1(zoningit>zoningmedian
2005)

Log Inc Per Capt-20 2.945 0.993*** 2.613** -0.391*** -2.144***
(1.957) (0.0815) (1.046) (0.0882) (0.223)

-4.230** 0.669*** -3.322** 0.337* 2.929***
(2.071) (0.216) (1.330) (0.172) (0.410)

R2 0.216 0.859 0.161 0.895 0.793

State Specific Reg Measure 1(landuseit>3*landusei,1941)
Log Inc Per Capt-20 4.591 0.920*** 2.223*** -0.359** -2.800***

(3.243) (0.0862) (0.783) (0.134) (0.251)
-4.266 0.623*** -1.150 0.403** 2.292***
(3.223) (0.158) (0.689) (0.162) (0.537)

R2 0.251 0.824 0.147 0.830 0.773

Year*High Reg FEs Y Y Y Y Y
N 1,488 288 2,928 240 2,928

APPENDIX TABLE 6
Impacts of Alternate Regulation Measures on Permits, Prices, Migration, and Convergence

Log Inc Per Capt-20 *
"Zoning" High Reg

Notes:  The table reports the coefficients "1 and "2 from regressions of the form: 
!lnyit=#t+#tI(reg>x)+"1lnyit-1+ "2lnyit-1 x I(reg>x)+$it. 
This table uses two alternate land use regulation measures. The first panel uses appellate court case counts  for the term 
"zoning", and the 'high regulation' cutoff value is set to the measure’s 2005 median value. The second panel defines a state 
as high regulation when its "land use" rolling document count to date reaches three times its own 1941 value. The 
dependent variables are new housing permits from the Census Bureau, the median log housing price from the IPUMS 
Census extracts, population change, the change in log human capital due to migration, and the change in log per-capita 
income. Standard errors clustered by state. *** p<0.01, ** p<0.05, * p<0.1 

Log Inc Per Capt-20 *
State Spec High Reg



Panel A: Total Migration (Extensive + Intensive Margin)

Low-Skill High-Skill Total Mig Difference
(1) (2) (2) + (1) (2)-(1)

1980 Census, n=48
Share BA, 1980 2.624*** 0.762*** 3.386*** -1.862

(0.479) (0.131) (0.550)

2010 American Community Survey, n=48
Share BA, 1980 0.490** 0.614*** 1.104*** 0.124

(0.235) (0.138) (0.354)

Coef 2000 - Coef 1980 -2.134 -0.148 -2.282

Panel B: Choice of Destination | Decision to Leave Birth State (Intensive Margin)

Low-Skill High-Skill Difference
(1) (2) (2)-(1)

1980 Census, n=2256
Share BA, 1980 0.116* 0.173*** 0.057

(0.0608) (0.0460)

2010 American Community Survey, n=2256
Share BA, 1980 -0.0297 0.129*** 0.149

(0.0400) (0.0326)

Coef 2000 - Coef 1980 -0.136 -0.044

APPENDIX TABLE 7
Migration By Skill Group and Share BA

# Residents - # Born in State
as % of Total State Pop

# Migrants to state j from state of birth j' 
- Pop j / (Pop National - Pop j')

Notes: This table examines differences by skill group and over time in migration to high BA states.
Panel A measures net migration of 25-44 year olds relative to state of birth as a share of the state's total 
population. There is one observation per state, and robust SE are in parentheses. This measure is attractive 
because it captures both the decision to migrate and the choice of destination, but it is sensitive to differential 
trends in domestic BA production in the presence of non-economic migration.
Panel B corrects for this issue and focuses on choice of destination among those who choose to migrate within the 
48 continental states. Each observation is a state of origin by state of destination pair. We examine whether people 
who migrate are disproportionately attracted to states with high share BA. We normalize each observation by 
subtracting the ratio of the population of the destination state to the population of all states (dropping the 
population of the state of origin). Observations are weighted by the total number of migrants from the origin state, 
and the standard errors are clustered by destination. 
Share BA is calculated using people ages 25-65. Low-skill is defined as having less than a BA.  High skill is 
defined as having a BA or higher.  *** p<0.01, ** p<0.05, * p<0.1 



Panel A: Inequality Counterfactual without Convergence (1940-1980)

Statea Totalb 
1940 0.300 0.781
1950 0.227 0.672
1960 0.183 0.580
1970 0.147 0.600
1980 0.106 0.618

! Convergence (1940-1980)c 65%

1980 No Convergence Counterfactual: SD [Y + Ystate1940*(1-0.35)]d 0.674

-0.163
     1980 No Convergence Counterfactual - 1940 Observed -0.107
Share of "Inequality Accounted for By Convergence 34%

Panel B: Inequality Counterfactual if Convergence Continued (1980-2010)

State Total
1980 0.106 0.618
1990 0.125 0.622
2000 0.098 0.643
2010 0.115 0.678
     
2010 Convergence Counterfactual: SD [Y - Ystate1980*(1-0.35)]e 0.674

0.060
     2010 Convergence Counterfactual - 1980 Observed 0.056
Share of "Inequality Accounted for By End of Convergence 8%

APPENDIX TABLE 8
Inequality Impacts of Convergence and its Demise

Sample uses hourly earnings for men ages 18-65 with nonallocated positive earnings, who worked at least 40 weeks last year and at 
least 30 hours per week in the Census. Sample is winsorized at the 1st and 99th percentile in order to limit the influence of outliers.
a. Population-weighted standard deviation of mean state-by-year log hourly earnings.
b. Standard deviation of log hourly earnings. Conceptually, this measure includes both state-level and residual variation in earnings.
c. ! Convergence = 1-SDState1980/SDState1940. Note that this measure uses hourly earnings, and is different from the measure of 
! Convergence developed in Appendix Table 1, which uses per capita income.
d. Rather than using observed state income in 1980, we predict state income using 1940 state income and the observed convergence 
rate of 65% to calculate Ystate1980hat=0.35*Ystate1940. We characterize the counterfactual distribution of earnings in the absence 
of state income convergence as Y + Ystate1940 - Ystate1980hat.
e. Method follows note (d), except that we calculate the counterfactual with convergence as Y - Ystate1980 + Ystate2010hat.

Std Dev of Log Hourly Earnings -- Full-time Males

"Inequality 
     1980 Observed - 1940 Observed

     2010 Observed - 1980 Observed
"Inequality 

Std Dev of Log Hourly Earnings -- Full-time Males


