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Abstract

This paper examines the importance of regional labor reallocation for unemployment and studies
the link between inter-regional mobility and reallocation. I construct a multi-region economy with seg-
mented labor markets, endogenously determined regional house prices, and limited worker mobility,
and structurally estimate it using state level data for the U.S. The estimated model can account for the
comovements of relative house prices and unemployment with gross out- and in-migration observed in
a panel of U.S. states. The estimation reveals large reallocation barriers across local labor markets in
the form of imperfect directed migration, relative house price differences compensating for labor mar-
ket differences, and a high moving cost for unemployed workers. These reallocation barriers dampen
the response of individual migration decisions to regional labor market differences and contribute to
regional mismatch and to shifts in the U.S. Beveridge curve. I apply this framework to understand

the reallocation effects of the recent housing bust in the U.S.
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1 Introduction

The recent U.S. recession has been characterized by a divergence in regional economic fortunes.
In particular, in 2010, unemployment dispersion across metropolitan statistical areas (MSAs) was
2.3% compared to around 1.1% in the early 2000s, including the 2001 recession.! At the same time,
internal migration in the U.S. fell in the aftermath of the recession, with inter-state migration at
an all time low of around 1.4% in 2009-2010 compared to 2% in the early 2000s.? Parallel to the
recession, the U.S. experienced a housing market slump - substantial house price declines across
housing markets. A common hypothesis for the decline in mobility in the recession involves the
distortion that this housing bust may have created in households migration decisions.> This “hous-
ing bust mobility hypothesis” has raised concerns about the implications of a possible reduction in
individual mobility for the performance of the labor market.*

Motivated by these issues, this paper examines two related questions. First, it seeks to un-
derstand the importance of regional labor reallocation, the net flow of workers from relatively
under-performing to relatively better performing regional labor markets, for unemployment. Sec-
ondly, it studies the degree to which inter-regional mobility in the U.S. leads to reallocation. For
this purpose, I construct and estimate a multi-region equilibrium model with segmented labor
markets and limited mobility, which captures important features of mobility patterns in the U.S..
One particular application of this framework, which I explore, concerns the reallocation and unem-
ployment effects of a distortion (a tax) in individual migration decisions. This allows me to address
the likely quantitative relevance of the housing bust mobility hypothesis for unemployment and
the labor market.

I start by showing a set of reduced-form empirical facts, using a panel of U.S. states, about the
link between state characteristics and gross migration flows. In particular, the unemployment rate
in a state, relative to the national level, correlates positively with migration out of the state and
negatively with migration into the state, controlling for relative house prices. More surprisingly,
relative house prices correlate positively with out-migration and negatively with in-migration,
controlling for relative unemployment. These comovements contain important information for
the set of models that can generate the observed data. In particular, they exclude the classical

spatial equilibrium framework with frictionless mobility as a possible data generating model. 1

!These figures are for labor force weighted unemployment dispersion at the MSA level. Looking at a weighted
average of state unemployment dispersion by occupation for 10 broad occupation groups, the respective numbers
are 2.3% and 1.2%. See Section 6 for a precise definition of these measures.

2These figures are based on the CPS adjusted data of Kaplan and Schulhofer-Wohl (2012a).

3Section 2 summarizes several possible mechanisms through which a housing market slump may lead to reduced
mobility.

4A representative example of this particular concern is the following quote from the Economist: “Homeowners
that are reluctant to default but unable to sell at a loss are left stuck where they are. This throws sand in the gears
of America’s famously fluid labour market. (The Economist (2010))”.



then proceed to study an equilibrium model that can account for these comovements.

The model economy I consider consists of a continuum of islands (regions) with labor markets
characterized by search and matching frictions, competitive housing markets and local labor market
shocks. Workers reside across the regions of this economy and migrate out of a region due to local
labor and housing market conditions and for idiosyncratic reasons. Their migration decision is a
combination of directed and random migration, i.e. with a certain probability, workers migrate to
regions offering the most favorable labor and housing market conditions or to any region of the
economy. In addition, workers incur a fixed cost of moving, with a subset of workers facing a higher
moving cost.” Each region is endowed with a fixed supply of durable housing that workers value
for its housing services and rent in a competitive rental market. A downward sloping demand for
housing services by workers leads to an endogenous response of regional house prices to changes
in the state of labor markets and in regional populations.

I first characterize stationary equilibria for a basic version of the model. The characterization
results allow me to show that the model can generate the positive comovements of relative unem-
ployment and house prices with gross out-migration and negative comovement with in-migration
observed in the panel of U.S. states. Three features of the model are important for this result.
First, durable housing and a downward sloping housing demand by workers lead to a difference in
house prices across regions with different populations. Combining these with idiosyncratic regional
preferences of workers, which act to smooth out-migration flows, creates a dependence of regional
house prices on the history of labor market shocks. Consequently, it leads to interesting house
price dynamics and a rich equilibrium distribution of regional house prices. The resulting equilib-
rium house price heterogeneity drives the positive comovement between out-migration and house
prices controlling for unemployment, since regions with lower house prices, other things equal,
are more attractive to potential emigrant workers. Limited mobility, due to idiosyncratic regional
preferences of workers, also leads to the comovement between out-migration and unemployment.
Lastly, a non-zero probability of directed migration implies that regions with better performing la-
bor markets and lower populations, and consequently, house prices, have larger population inflows
leading to the negative comovement between house prices and unemployment with in-migration.

I proceed to estimate the model using the method of indirect inference and the observed reduced-
form relations between migration rates and state characteristics. I estimate 9 structural parameters,
including parameters for the stochastic process of labor market shocks, housing utility parameters
and a set of migration parameters including the probability of directed migration, the migration
cost, and the dispersion in idiosyncratic regional preferences. The model can match well the

reduced-form comovements and aggregate moments used in the estimation, suggesting that it

5This heterogeneity in moving costs allows me to look at the aggregate effects of distortions in individual
migration decisions, while maintaining a rich regional heterogeneity.



contains the relevant features of individual migration decisions that ultimately generate these
aggregate patterns. It also performs well when comparing untargeted moments of the observed
data and of data generated by the estimated model. For example, the model produces high
persistence in house prices as observed in the data.’

The estimation reveals a low probability of directed migration, a high mobility cost for unem-
ployed workers, and an important effect of relative house prices on migration decisions.” Each of
these features contribute to low regional labor reallocation and a dampened response of individual
migration decisions to regional labor market differences. As a result the estimated model can
explain a large part of the relation between regional unemployment dispersion and shifts in the
Beveridge curve. In particular, I show that data on vacancy and unemployment rates generated
by the model, given shocks to aggregate unemployment and unemployment dispersion, can pro-
duce the comovements from standard U.S. Beveridge curve regressions augmented with measures
of regional unemployment dispersion. Consequently, the resulting shifts in the model generated
Beveridge curve are consistent with shifts of the U.S. Beveridge curve. This indicates that la-
bor reallocation barriers are important for regional mismatch, the co-existence of relatively tight
and slack regional labor markets that workers try to find jobs in. Therefore, regional mismatch,
created by the combination of reallocation barriers and shocks that affect regional labor markets
asymmetrically, is important for shifts of the Beveridge curve.

I finally examine the likely magnitude of the reallocation effects of the housing bust in the
Great Recession by simulating the labor market consequences of the recession and then looking
at several counterfactual scenarios. Even with a large effect on aggregate gross migration, the
housing bust would have had a very limited effect on net migration and from there on aggregate
unemployment. The reason for this discrepancy is the reallocation barriers mentioned above, which
limit net migration and labor reallocation. These factors strongly affect how migration is mapped
into regional reallocation and net flows. In particular, relaxing these barriers produces a much

larger response of unemployment to any mobility distortions.

Related literature. This paper spans several strands of literature. The theoretical model
is close in spirit to previous work on regional reallocation (Lucas and Prescott (1974) and more
recently Alvarez and Shimer (2011), Carrillo-Tudela and Visschers (2011), Lkhagvasuren (2011),
Coen-Pirani (2010), and Shimer (2007)). In these papers, dispersion in economic conditions across
islands induces worker reallocation, which has implications for aggregate unemployment. However,

these papers do not investigate the effects of the housing market on mobility. In contrast, my

5This persistence has been a puzzle for recent literature examining regional house prices in a frictionless spatial
equilibrium framework (Gleaser, Gyourko, Morales, and Nathanson (2012)).

"The estimated model is also consistent with housing market slumps potentially affecting individual migration
decisions.



model features housing markets with endogenously determined house prices that respond to labor
market shocks and population adjustments and affect worker migration decisions. This paper also
structurally estimates an equilibrium model of regional reallocation of this type.®

The paper is closely related to studies of the effect of homeownership and the housing market
on mobility and the labor market (Oswald (1996), Head and Lloyd-Ellis (2010), Van Nieuwerburgh
and Weill (2010), Davis, Fisher, and Veracierto (2010)). Head and Lloyd-Ellis (2010) investigate
the impact of home ownership on mobility and aggregate unemployment and build a theory that
accounts for the reduced mobility of homeowners versus renters observed in micro-data, and ex-
plore its aggregate implications. The authors find that the mobility distortions of homeownership
translate into a small effect on aggregate unemployment, which is similar to the labor market effect
of reduced mobility that I find. Van Nieuwerburgh and Weill (2010) document a secular increase in
dispersion in regional house prices and wages and propose a model with frictionless mobility that
explains and quantitatively matches this increase. The focus of my paper on the implications of
regional business cycles and limited mobility for regional house price dynamics and gross migration
in a multi-region equilibrium model complements these two studies.

The paper studies a model that nests both directed and random inter-regional migration. The
issue of directed versus random migration is related to issues of directed versus random labor
market search (Godoy and Moen (2012)). Examining the quantitative implications of a model
with regional wage rigidity connects this paper to the growing literature on rigid wages in search
and matching models of aggregate unemployment (Hall (2005), Shimer (2010), Gertler and Trigari
(2009)).

Recent works that also deal with the labor reallocation implications of the housing bust include
Sterk (2010), Sahin, Song, Topa, and Violante (2011), and Karahan and Rhee (2011).° Sterk
(2010) builds a single region DSGE model with financial frictions and a reduced-form migration
decision by workers to study the impact of a housing bust on unemployment and the Beveridge
curve. He finds a substantial effect of the housing bust for the recent shift in the Beveridge curve.
In contrast, I find that shifts in the Beveridge curve arise from regional mismatch and regional
reallocation barriers independently of any possible migration distortion effects of the recent housing
bust, which would have had a limited impact on unemployment and the Beveridge curve. Sahin,
Song, Topa, and Violante (2011) also address whether the recent housing market disruptions may
have contributed to the contemporaneous shift in the Beveridge curve. Similarly to the conclusion

of this paper, they find that the housing bust would have had a very limited effect on the Beveridge

8In recent work Mangum (2012) estimates a discrete choice model of reallocation with a finite number of locations.
Given these feature that model differs conceptually from the regional reallocation models mentioned above and from
the model studied in the present paper.

9This is not an exhaustive list of recent work on this topic but includes papers that are close in some dimensions
to this paper.



curve. However, the reason for their conclusion is the limited importance of regional mismatch
that they argue for. In this paper, I find that even if regional mismatch may be an important
shifter of the Beveridge curve, reallocation barriers dampen any migration distortion effect of the
housing bust. Karahan and Rhee (2011) model one mechanism through which large house price
declines, combined with imperfections in mortgage markets, may lead to an individual migration
distortion, and study its implications in a model with two regions. The aggregate unemployment
and net migration effects of a housing market slump that the authors uncover in their model
calibration is larger than what I find here. This discrepancy can be explained by the different
migration decision parameters for the probability of directed migration and the cost of moving
used in their calibration and the estimated parameters of my model. Additionally, my framework
allows for a separation of any migration distortion effects due to financial market imperfections or
other factors, from changes in relative house prices, which are combined by construction in their
model.

The rest of the paper is organized as follows. Section 2 presents the motivating empirical
facts. In Section 3, I set up the basic model. Section 4, provides a characterization of stationary
equilibria and shows how the model can account for the comovement of state gross flows and
labor and housing market conditions. Section 5 contains a brief description of the quantitative
model and describes the estimation procedure. Finally, section 6 contains the estimation results,
shows how the model accounts for shifts in the Beveridge curve and contains the Great Recession
simulation. Section 7 provides brief concluding remarks. Additionally, the Appendix contains
data description, proofs of results omitted from the main text, as well as details of the quantitative

model and computational procedures used for solving the model and the estimation.

2 Empirical Facts

I present a set of motivating empirical facts that relate state characteristics and gross migration
flows. These comovements provide insights about the determinants of state gross migration flows
and important information for the set of models that can generate the observed data. Constructing
and estimating a model that is consistent with these facts will be the focus of the rest of the
paper. Such a model will capture important features of mobility patterns in the U.S., especially
with respect to individual migration responses to local business cycles. These particular aspects
of migration decisions are important for understanding how mobility maps into regional labor
reallocation due to diverging labor market conditions.

I look at an unbalanced panel of annual household state out- and in-migration rates for U.S.

states and the District of Columbia, from 1993-2008.1° T focus on the following regression:

10 Appendix A contains information on how I construct all the relevant variables as well as details on the data



Yst = Qs + Ct + X;t Y+ €t (]')

where yg is the (log of the) gross out- or in-migration rate for state s and year ¢, ag and (; are
state and year fixed effects and x4, is a vector of state characteristics. In particular, x contains the
state unemployment rate, and state house price level relative to the national level. In addition,
I include a variable that proxies for a local housing market slump (beyond changes in relative
house prices). A good candidate, given the recent sharp increase in the fraction of households with
negative housing equity, parallel to the broad deterioration in U.S. housing market conditions, is
the fraction of households with limited housing equity within a given state, which I denote by
nege.

To construct this variable, I use information on a sample of households from the Consumer Ex-
penditure Survey (CEX) to compute housing equity levels, E, for a household’s primary residence.
I then construct state level estimates, neg,,, for a state s and year ¢, of the fraction of households
with housing equity, ¥ < ¢, where c is a given equity cutoff. I consider three cutoff levels for the
variable negy, ¢ = 0, ¢ = —0.05 and ¢ = 0.05.12

I also include a measure of the relative wage as the log of the ratio of the state average hourly
wage in manufacturing to the national counterpart, as well as the log of state income per capita
relative to national income. I control for mortgage credit conditions proxied by the average debt-
to-value ratio and the home ownership rate. Lastly, I control for demographic effects by including
a set of age distribution variables.

Table 1 presents three salient reduced-form results. First of all, higher unemployment in a state
relative to the national level correlates with increased migration out of the state and decreased

migration into the state, controlling for relative house prices. More specifically, a ten percent

sources. Table 11 in Appendix A contains summary statistics for the data used.

HThere are several economic mechanisms that can lead to a mobility distortion of housing market slumps. First,
households with negative equity may face pecuniary or non-pecuniary default penalties. Empirical studies dealing
with homeowner default decisions uncover such default penalties (Bhutta, Dokko, and Shan (2010), Guiso, Sapienza,
and Zingales (2009) and Foote, Gerardi, and Willen (2008)). Secondly, the combination of low housing wealth,
together with a downpayment requirement on a new house, would also affect mobility compared to a frictionless
mortgage financing arrangement (Stein (1995), Ortalo-Magne and Rady (2006)). Alternative mechanisms involve
a decrease in housing market liquidity due to search frictions (Novy-Marx (2009)), potentially compounded with a
general unwillingness of movers to buy a new property before selling their old house (Anenberg and Bayer (2012)),
or loss aversion (Engelhardt (2003)).

12 Appendix A contains details on how I compute equity levels. There are two potential econometric issues with
using an estimate of negs; rather than the true population value. First, there may be a potential misclassification
of households. Misclassification does not appear to be an important issue, as I show in Appendix A. Secondly, there
can be an errors-in-variables problem and attenuation bias in the coefficient estimates. However, using information
on the sampling variance of 7eg,,;, one can construct an estimator that is not subject to such bias and hence obtain
unbiased estimates of these coefficients. In particular, I estimate the coefficients of interest for equation (1) using a
two-step GMM estimator similar to (Erickson and Whited (2002)). Appendix A provides details on this estimator.
Table 12 in Appendix A shows estimation results without errors-in-variables correction.



Table 1: Estimation results

Dep. Variable: out-migration rate, 100 In(out) in-migration rate, 100 In(in)

relative unemployment 0.163%**  (0.159*%**  (.172%%*  _(0.225%** _0.224%*F* _(.226***

100 In (%) (0.039)  (0.038)  (0.040)  (0.036)  (0.036)  (0.035)
relative house price  0.263***  0.261%%F 0.251*%%F  _0.160*** -0.163*** -0.158***
100 n(2) (0.069)  (0.071)  (0.069)  (0.049)  (0.049)  (0.048)
households with -0.693* 0.169
equity < 0, (%) (0.359) (0.464)
households with -0.532%* 0.331
equity < —0.05, (%) (0.282) (0.468)
households with -0.812** 0.136
equity < 0.05, (%) (0.392) (0.366)
N 606 606 606 606 606 606

Notes: Robust standard errors with clustering on state in parenthesis; * = significant at 10%; ** = significant at 5%; *** = significant at
1%. Source: Own calculations from BLS, IRS, CE, FMHPI, and US Census Bureau. See Appendix A for detailed description. Relative
house price is constructed from the CMHPI index and median house value by state from the 2000 Census. Relative unemployment is the
log of the unemployment rate for that state and year divided by national unemployment rate for that year. Housing equity is defined as
E = VVD where D is the total debt balance outstanding on all mortgages and home equity loans that a property collateralizes and V'

is the subjective property value. Households with housing equity < c is the fraction of the population who are homeowners with E < c.
Additional controls include: state and year fixed effects, relative wage rate as the log of the average hourly average manufacturing wage
for that state and year divided by the national average hourly manufacturing wage for that year; relative income as the log of income
per capita for that state and year divided by national income per capita for that year; average debt-to-value ratio, defined as the average
of %; home ownership rate, defined as the percent of households in the state that own a house; state demographics that include the age

distribution of the population with 6 age bins and the median age



increase in state relative unemployment is associated with an increase in out-migration of around
1.7% and a decrease in in-migration of 2.3%. Overall, these estimates point to labor market
conditions being an important driver of inter-regional mobility and, conversely, migration serving
as an adjustment mechanism in response to local labor market shocks (Blanchard and Katz (1992)).
Note, that both the out- and in-migration margins co-move with changes in unemployment, which
restricts the set of models of migration that can account for them as opposed to accounting for
net migration responses only. For example, models with no directed migration, though potentially
able to account for net migration cannot generate the observed in- and out-migration patterns.

Secondly, and more surprisingly, higher relative house prices correlate with increased out-
migration and decreased in-migration, controlling for relative unemployment. The comovement
of relative house prices with out- and in-migration shows that even after controlling for labor mar-
ket conditions, house prices are associated with variation in migration.!> One way to rationalize
this effect is that states with high relative house prices are for some reason “too expensive”, so
the expensive housing induces more individuals to migrate out of these states and fewer individ-
uals to migrate in. However, formalizing such an argument in an equilibrium framework is not
straightforward.

A natural first step for explaining this pattern is the classical spatial equilibrium framework
with frictionless mobility (Rosen (1979), Roback (1982)), where equilibrium house prices reflect
differences in regional characteristics (either the state of the local labor market or local amenities).
However, there are two issues with applying this framework. First of all, it would predict that
this comovement should disappear after controlling for variation in labor market conditions. Such
shocks are the natural candidate for regional characteristics that vary at annual frequency, since
regional amenities tend to be either time-invariant or vary at a much lower frequency. Secondly,
it would predict the reverse comovements in response to shocks to regional characteristics. This is
because in that framework a region has a high house price, because more people move into it and
fewer people move out of it, given the region’s current characteristics.

The classical spatial equilibrium framework is unable to produce this comovement because it
is, in some sense, static. Since house prices merely respond to the underlying shocks to regional
characteristics, given frictionless migration, they reflect the dynamic behavior of the stochastic
process of shocks. Therefore, there is no possibility for internal propagation of shocks in such a
framework. While this may be fine for explaining low frequency (secular) inter-regional regularities,
it obviously runs into troubles when looking at higher frequency patterns. This points to the spatial
equilibrium framework lacking some (arguably more realistic) features of individual migration

decisions and housing markets, that would propagate higher frequency shocks. Therefore, as with

13Note that Saks and Wozniak (2011) document similar observations as side results for state-to-state and MSA-
to-MSA migration flows. Such comovements appear very robust in the U.S. at least when using IRS data. Jackman
and Savouri (1992) obtain similar results for the U.K.



the comovements of relative unemployment, comovements of relative house prices with migration
flows provide important model restrictions, especially for models that require realistic migration
flows in response to local business cycles as is the case in this paper. In particular, in Section 3 I
show that limited inter-regional mobility and a durable housing stock can produce this comovement
in a multi-region equilibrium model of migration.

Lastly, a local housing market slump, proxied by the fraction of households with limited housing
equity, correlates with a decrease in migration out of that state but is not correlated with migration
into the state. I show in Section 6 that this pattern is consistent with a higher mobility cost of
some individuals, which ultimately leads to these comovements.'*

I now turn to a model that will be able to account for the facts relating gross migration rates
and relative unemployment and house prices. The model will be rich enough to be structurally
estimable and to match these comovements. The estimated model will provide important insights
on the link between migration and reallocation and on the degree of regional labor reallocation in

the U.S. economy.

3 Basic Model of Regional Reallocation

I start by introducing a basic version of the model of regional reallocation that I will be estimating.
The aim of this section is to provide intuition for the mechanisms in the model. I consider a
discrete time economy with an infinite number of periods ¢ = 0,1,2,.... The economy consists
of a unit measure of islands or regions. The economy is populated by a measure L of infinitely
lived workers, distributed across regions of the economy. Similarly to Van Nieuwerburgh and Weill
(2010), workers have separable flow utility for consumption and housing. The flow utility function
is then (¢, h) = ¢+ v(h), where v (.) is strictly increasing, twice continuously differentiable,
concave, and satisfies Inada conditions. Workers can supply 1 unit of labor. As explained below
workers differ in their mobility costs across regions. The initial measure of workers in each region
j is given by 12 , < L, with [ I 1dj = L. The end-of-period or post-migration measure of workers

in a region j at time t is given by I/ € [0,L], L>L."Y

3.1 Regional labor markets, job creation, and destruction

In each region there is a representative firm that can open job vacancies at a per-period cost of

k and recruit workers. For the basic model I consider in this section, I assume that jobs remain

14 As T discuss in that section, this pattern is therefore consistent with a potential mobility distortion of housing
market slumps. Furthermore, having a model that delivers this pattern, implies that it would be informative for
the aggregate effects of such a distortion.

15The upper bound of L is a technical restriction necessary for showing the analytical results. It can be thought
of as a limit on the space available within a region.
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productive for one period only. ' Each job in region j has the capacity for the production of
a{ units of the consumption good at time ¢ if it can hire a worker. Regional productivity a{ can
have two possible realizations @ or a (@ > a) and follows a Markov chain with persistence p > %
Furthermore, given the stationary distribution for this Markov chain, at any time ¢, one half of
regions have a{ = @ and the other half have a{ = a. I refer to the former as (relatively) “booming”
regions and to the latter as (relatively) “depressed” regions.!”

The labor market of each region is characterized by a search and matching friction as in the
standard Diamond-Mortensen-Pissarides framework (Pissarides (2000)). In particular, in a region
j at time t, after migration, a measure l{ of workers and measure vf of vacancies try to match
with each other. Matching is described by a standard regional reduced-form constant returns to
scale (CRS) matching function m/ (lt , vt) giving the total number of regional matches per period.
I assume that matching functions are identical across regions, i.e. (lt,vt) =m (lt,vt) =
-m (1 ﬁ) Letting 6 = ﬁ be the regional labor market tightness and defining p(0) = m(1,6),
we have that m (lt,'ut) =lpu ((9] ) This translates into a job finding probability for a worker in a

( )

t

given period of u (9] ) and a job filling probability for a vacancy of Additionally, I assume

w(er) _ n(or) _
07 0
that remain unmatched after the matchmg phase in a given period receive a period payoff of e.

=1 and limgy_, = 0. Workers that are matched obtain wage w, and those

The total measure of unemployed in region j is then given by (1 - u(@{ )) li and the unemployment
rate is simply U/ = (1- M(e{)).w

3.2 Job creation decisions and wage determination

I allow for wages to be determined either by Nash bargaining or to be rigid as in Hall (2005). The
particular wage determination rule does not affect the results of this section, so I focus on a model
with the more standard assumption of Nash bargaining. However, as I discuss in Section 5, the
process of wage determination does matter for the quantitative model.

Given one period job length, the vacancy posting decision of the representative firm is straight-

forward. In particular, the firm opens vacant jobs until the cost of opening a vacancy equals the

16The reason for this is analytical tractability, since under it there will be no agent heterogeneity in terms of the
idiosyncratic employment state at the time of the migration decision. This leads to only one relevant endogenous
state variable that affects migration decisions, which makes equilibrium characterization possible. However, in
Section 5, where I look at the quantitative effect of the housing bust in the recent recession, I work with the more
general set-up with stochastic job destruction.

"These local productivity shocks are reduced-form labor market shocks that result in regional variations in
unemployment and unemployment differences across regions.

8Note that I set 6 to be the market tightness since this is a standard notation in the literature. In Section 5, I
will refer to market tightness as z and instead use € as the vector of structural parameters to be estimated.
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expected payoff from posting a vacancy, or:

k= ,u(@i) (ag - wi) (2)

where wg is the wage rate in region j at time ¢. Letting workers’ bargaining power be n € [0, 1),
the wage rate is:
wi =e+n(al —e) (3)

where e is the outside option. Hence, equations (2) and (3) pin down the labor market tightness
in a region as a function of a{ , so that one can write #(a) for a given region productivity a. Note
that labor market tightness is a function only of regional productivity and not of the labor force

in a region. This is because the representative firm’s production technology has constant returns.

3.3 Regional housing markets

Every region j, has a fixed supply of housing H (constant across regions). Housing is perfectly
durable and does not depreciate.!® The housing stock is owned by a competitive sector of real
estate firms that trade it in a competitive housing market and also rent it to workers residing
in the region in a competitive rental market. Note that given the frictionless housing and credit
markets, home ownership rates are indeterminate in the model so that one can equivalently consider
a specification of all workers owning housing rather than renting it. Both specifications lead to

identical results.

The regional rent is given by r and the price of a unit of housing is p]. Real estate firms

are equally owned by all workers in the economy and hence also discount future payoffs by 3.2
Therefore, a real estate firm solves the following problem:
H}LaX {rﬁzt - p{ <ilt — 711%1) + BE; [p{+1] ilt} ;

where h;_; and h; denote the firm’s ownership of housing in periods ¢ — 1 and ¢, respectively. This

gives the no arbitrage relationship for the price of housing:

pl =r] + BE, [pi;J (4)

19The assumption of a durable housing stock is similar to the assumption in Gleaser and Gyourko (2005). However,
while these authors explore the amplification effects of durable housing on labor market shocks in a static context,
in this model I consider its dynamic implications.

20Note that for notational convenience I do not include the profit rebates from real estate firms into the worker’s
problem below as those enter additively and are equal across workers.
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This, together with a transversality condition on p{, limg_,o BT E, [p{ +T} = 0 Vt, 7, implies that

pl =E,

Z 537‘{+s] (5)

3.4 Regional migration

Workers have an idiosyncratic region preference e for regions they currently reside in. At the
beginning of each period a worker draws a new e from a continuous distribution F, with E[e] =0
and support over [—B, B] for some B > 0. After observing his match quality, the worker decides
whether to move to a different region. Moving is instantaneous and entails a fixed cost of ¢ €
{co, c1}, depending on the worker type, as I describe below. After moving, the worker draws an
¢ ~ F, for the new region.?!

I assume that worker migration is a combination of directed and random migration. In par-
ticular with probability A > 0 a worker migrates to regions that offer the best labor and housing
market conditions, while with probability 1 — A the worker is equally likely to migrate to any region
in the economy. Setting A\ = 1 would produce a migration pattern with perfect directed migration.
Section 6 provides several interpretations for the random migration component, in the context of
the estimation results.

I allow for worker heterogeneity in terms of the fixed costs of moving. In particular, I assume
that cp > ¢;. The reason for including some agent heterogeneity in mobility costs is that it will
allow me to look at the aggregate effects of an individual mobility distortion (a tax on moving) that
need not affect all individuals uniformly. For example, such a set-up allows me to easily examine
the implications of a possible housing bust mobility distortion for migration flows and for labor
reallocation and unemployment (see Section 6), while maintaining the rich regional heterogeneity
that is central for the analysis in this paper. I also assume that ¢ is sufficiently high, so that
these workers remain completely immobile, which allows me to focus on steady state equilibria
only. Therefore, for the rest of the paper, I refer to workers with a high migration cost as immobile

workers and to workers with a lower migration cost as mobile workers.

3.5 Timing

The timing within a period is as follows:??

21T deliberately choose to model the regional preference shocks as i.i.d. rather than include some persistence, since
a persistent regional preference shock essentially acts as a higher fixed cost of moving ¢, so that one can include its
effect on migration in a higher c. See Bayer and Juessen (2012) for a discussion of the dynamic selection effect due
to persistent regional preference shocks, which is observationally equivalent to a higher mobility cost.

22Note that changing the model slightly, so that with some probability workers receive a job offer from the region
they have chosen to migrate to prior to their actual migration decision will not change the qualitative results of
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1. Agents observe the realization of regional productivity a;

2. Workers draw region specific payoffs and make migration decisions;
3. Housing and rental markets opens;

4. Firms make job creation decisions for new jobs;

5. Matching of workers and jobs;

6. Production occurs and wages are paid;

4 Equilibrium

I will be focusing on stationary symmetric recursive equilibria, in which each region j is fully char-
acterized by a vector of state variables X7 = (a{ , l&t_l, l{,t—l) and there is an invariant distribution

of workers over booming and depressed regions. The relevant state vector contains the current

period productivity a7, as well as the beginning-of-period distribution of workers with different

migration costs, lé,t—l and lit_l, respectively. I denote the beggining-of-period distributions of
workers in booming and depressed regions by, 7* and v*.

A stationary symmetric recursive equilibrium will then be defined by laws of motion for the
endogenous state variable, [, (th ), and for population distributions Z (7,v), Z (7, v), and by func-
tions, 0 (a{ ), w (a{ ), P (th ), r (X,f ) giving regional market tightness and wages and regional house
prices and rents as a function of the regional state such that (i) workers migration decisions are op-
timal given the laws of motions for a and the endogenous state variables, (ii) the law of motion for
the endogenous state variable are consistent with workers migration decisions and with population
constancy in the economy; (iii) the invariant distributions 7* and v* satisfy 7* = Z (7%, v*),and

v* = Z (7*,v*) and (iv) there is rental and housing market clearing.??

4.1 Worker housing choices and migration decisions

I next turn to characterizing the migration decision of the mobile workers in the economy (workers

with mobility cost ¢;).2* Let V! (X) be a worker’s end-of-period value given the regional state X.

the model as this is isomorphic to the current set-up but with a more efficient regional labor market matching
technology. It will not change the results of the quantitative model in Section 5 significantly if that probability is
low. Identifying such a probability would not be possible from aggregated migration data and would instead require
looking at high frequency individual level data on joint job search and migration decisions. This is beyond the scope
of the current paper.

23The complete definition of a symmetric stationary recursive equilibrium is given in Appendix B and follows this
broad definition.

24Workers with mobility cost ¢y will face a similar problem, which I do not consider here since I am focusing on
economies in which they are immobile.
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Then

vquﬁxgﬂ@”+4yﬂw(/v%ahﬁwﬁﬂﬁ/vW@hﬁmwﬁ (6)

is the migration value of the worker. The first term captures the value from directed migration,
since with probability A the worker moves to a region giving him the highest expected utility, and
with probability 1 — A the worker is equally likely to migrated to any region of the economy. We
have that:

VE(X) = max {v(h) = 7 (X) - h} + e+ p(0(A)) (w(A) - ) + BEx [Wl (X)] (7)

where

WH(X) = meax{Fe OV+A-FE@)VH(X)-F(€)ec + [edFe} (8)

is the beginning-of-period value function for the worker. The interpretation of these value functions
is straightforward. For V!, the first term captures the flow utility from housing, net of rental
payment, as well as from consumption. The second is the expected value in the next period, which
takes into account the migration option of the worker. In particular for a given region preference
€, a worker compares the value of staying in the region to the value of moving, net of the migration
cost.

The worker’s optimal housing consumption satisfies the first order condition
v (h) =r(X) (9)
This condition, combined with market clearing in the rental market

(lo (X)+ 1 (X)h=H (10)

H

pins down the equilibrium consumption of housing for each worker in the region, h (X) = PRI

and the regional rental rate:

"= () -

Given the structure of the problem, migration will follow a cutoff rule for €, which I denote by €,
and which is given by:
EX)=V-VHX)—q (12)

Then for € < €(X) the worker migrates and for € > €(X) the worker stays, which means that the
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fraction of workers migrating from a region with state X is:
q(X) = Pr(e<e(X)) = F(€(X)) (13)
which is also the ex ante probability of worker migration prior to realization of e.

4.2 Laws of motion for the endogenous state variable

Given the worker migration decisions above, it follows that the end-of-period measure of workers

with a low mobility cost in a given region j, [{ ,, is:

He= 1 (X7) = (1= (X)) By + (X)) (14)
where ¥ (th ) is a function that gives the measure of workers migrating into region j at time t. In
particular,

U(X))>(1-XN-M X/ecargmax{V'(z)}
U(X)=(1-XN-M  ow.
where

M:/Q(@lo;ll)lldﬁ*—i‘/ﬂ@, lo, 1) lidv™ (15)

is the aggregate measure of workers migrating in a given period. Note that due to partially directed
migration, some regions will experience higher inflows than others. The exact form of ¥ (X)) for

X € argmax, {V!(z)} and the set {arg max, {V!(x)}} are determined in equilibrium.

4.3 Regional Dynamics

I now show some equilibrium characterization results, which provide insights into how the model
works. I also show that the basic model can qualitatively account for Facts 2 and 3 from Section
2. I will show these results for an economy, in which each region has the same measure [, of high
mobility cost workers, so I remove [ from the vector of state variables X. Also, for notational
convenience, | use [ to denote the beginning-of-period measure of mobile workers in a region in
place of [;.%

I first characterize regional dynamics in this economy and the link between migration and
regional characteristics resulting from the equilibrium behavior of workers. A set of technical
results in Appendix B, Lemmas 7, 8, and 9, which characterize the equilibrium properties of the

worker value function, V'(a, ), and law of motion, ;(a, ), allow for this. Here, I only summarize

25T focus on equilibria in which both V! (a,1) and [} (a,1) are continuous. Lemma 6 in Appendix B shows that
having V1(a,l;) and [, (a,l1) continuous is mutually consistent.
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their implications. First of all, Lemma 7 implies that mobile workers weakly prefer regions with
lower populations. This is a result of the congestion effect on housing rental markets that a higher
regional population has. Secondly, the law of motion l’l (a, 1) is increasing in [, so that regions with
a high beginning-of-period population of mobile workers can never end up with lower populations
after migration compared to regions with a low beginning-of-period population. The intuition for
this result is related to the housing market again. Since post-migration populations determine
housing rental rates, regions with a given labor market state can never lose more or gain more
population than other regions with the same labor market state.

Lemma 8, in turn, shows that there are stable populations of mobile workers depending on
regional labor productivity a, [* for regions with productivity a, and T" for regions with productivity
a. Regions with productivity @ and with [ < " will be experiencing inflows that increase their
population of mobile workers toward Z*, or slow declines in population towards Z*, if [ > Z*, and
similarly for regions with productivity a. Therefore, Lemma 8 describes how the in-migration
function W (a, 1) looks like in equilibrium.

Lastly, Lemma 9 shows that in equilibrium, regions with high productivity weakly dominate
regions with low productivity in workers migration decisions for any given population [. This
implies that, depending on parameter values, there can be two types of equilibria. The first type
is a “partial compensation” equilibrium with, I* > 0 but V! (a,l) < V! (a,l), VI > [*, while the
second is a “full compensation” equilibrium with [* > 0 and V!(a,[*) = V! (E,Z (E)), where
[ (@) is described in Lemma 1 below. In the first type of equilibrium, rental rate differences cannot
compensate for labor market differences for any population of mobile workers, whereas in the second
rental rate differences do compensate fully for labor market differences as long as populations in
low productivity regions fall sufficiently.?®

Therefore, we can make the following observations about the dynamic evolution of regions in a

stationary equilibrium of this economy:
Lemma 1. The following hold in a stationary equilibrium of this economy
1. Regional populations of mobile workers lie in the set [F,Z*];

2. Transitioning from depressed to booming, a region’s population of mobile workers increases
tol (@) < " and after that moves up towards |, if | (@) < 1", experiencing an increasing

out-migration rate as the population of mobile workers increases towards T

3. A depressed region’s population of mobile workers moves down towards I* experiencing a

decreasing out-migration rate as the population of mobile workers declines towards [*;

26However, even if rental rate differences cannot compensate for labor market differences, with a positive proba-
bility of random migration, [* > 0.
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Figure 1: Regional population dynamics
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4. The stationary distributions v* and U* are discrete.

Proof. See Appendix B. n

Figure 1 summarizes the implications of Lemma 1 for regional net migration in “full compen-
sation” equilibria for the case where [ (@) < I .2" Regions with depressed labor markets (a) slowly
lose population, whereas a region that experiences a labor market improvement (a movement from
a to @) experiences a population increase up to ! (@) and after that population slowly moves up to
I

Therefore, idiosyncratic regional preferences, the mobility cost ¢; and partially directed migra-
tion lead to limited spatial arbitrage. Depressed regions lose population more slowly than in an
economy with frictionless mobility, and booming regions gain population more slowly than in an
economy with fully directed migration. Limited spatial arbitrage, in turn, creates a non-degenerate
distribution of regions over populations. This, combined with durable housing and concave utility
from housing services for the workers creates a dependence of regional house prices on the history
of labor market shocks. The dependence of regional house prices on the history of labor market
shocks also implies a rich regional distribution of house prices. This variation, leads to the observed
comovements between regional house prices and regional out- and in-migration from Section 2 as
I now show.

First of all, I use the characterization results above to clarify how regional inflows and outflows

are related to regional state variables.

2"The regional evolution for “partial compensation” equilibria is similar to that of “full compensation” equilibria.
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Proposition 2. Let out (a,l) and in(a,l) be the out-migration and in-migration rates for a region
described by (a,l). Then:

1. out(a,l) < out(a,l), l € [L*,Z*} and in (a,l) > in(a,l), | € [;*,Z*} with the inequalities strict
for some 1.

2. out(a,l) is increasing in | and in (a,l) is decreasing in | forl € [g*,i*].
Proof. See Appendix B O

The above result is intuitive: higher regional productivity, implies lower out-migration from
that region and higher in-migration for a given population. On the other hand, for a given labor
market state, a region with a smaller population experiences lower out-migration and higher in-
migration. This effect is due to the difference in rental rates across such regions, with workers
migrating out less from regions with lower rental rates and migrating more into such regions.

However, this result does not make it clear how house prices co-move with regional flows. In
order to make this connection, I first characterize the behavior of house prices across regions. I
defined two prices, the regional house price prior to workers’ migration decisions, p(a,l), and the
house price after migration takes place, p (a,l), i.e. p is the regional house price in the beginning

of a period, while p is the regional house price in the end of a period. We have the following result.
Proposition 3. p(a,l) is increasing in a and l for | € [L*,Z*} , and p(a,l) is increasing in | for
le [F,Z*]

Proof. See Appendix B n

The proposition establishes a tight link between p and [. Therefore, defining U (a,l) =
(1 — (0 (a))) as the unemployment rate in region (a,!), we immediately have the following re-

sult.

Proposition 4. Consider a cross-sectional sample of J regions from the model economy. Let
out! = out (a’,l’) and in’ = in(a’,l’) be the out-migration and in-migration rates for region
j € {1,2,....,J}. Also, let U = U (d?,l’) be the unemployment rate and p’ = p(a?,l’) be the
beginning-of-period house price for a region j € {1,2,...,J} . Then:

1. for a given p?, out’ is increasing in U’ and in’ is decreasing in U’ ;

2. for a given U7, out? is increasing in p’ and in’ is decreasing in p’.

Proof. First, Proposition 3 implies that p/ = p(a’,1?) is increasing in I/ for I/ € [F,Z*]. Secondly,
note that U7 = U (a’, ) is decreasing in a. Given these two observations, fact 1 follows from fact

1 in Proposition 2 and fact 2 follows from fact 2 in that Proposition as well. O]
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Proposition 4 establishes that the model can account for the comovements between relative
unemployment and house prices and regional migration documented in Section 2. It implies that
if one simulates data for many regions from the model and runs the panel regression from Section
2, one would obtain coefficient estimates with the same signs as in the data. The intuition for the
result is that the unemployment rate U7 captures the variation in regional productivity a’, while
the house price p’/ captures the variation in /, the measure of mobile workers. In that sense, it is
directly linked to the results from Proposition 2, however it casts it into comovements based on
observable variables, like U’ and p’ rather than the state variables a and .

It is important to discuss, which features of the model drive these results since the informa-
tion contained in these comovements will help identify the structural parameters underlying these
particular model components when we move to estimation in the next section. First of all, the equi-
librium house price heterogeneity arising from regional histories, drives the positive comovement
between out-migration and house prices holding current labor market conditions fixed. Limited
spatial arbitrage also leads to the comovement between out-migration and unemployment, con-
trolling for house prices. Partially directed migration, on the other hand, implies that regions
with booming labor markets and lower populations and consequently, house prices and rental
rates, have larger population inflows leading to the negative comovement between house prices and
unemployment with in-migration. Models with fully random (undirected) migration would have
troubles accounting for the in-migration comovements. Additionally, as discussed in Section 2,
models with frictionless regional mobility in a perfect spatial arbitrage setting, as in the classical

spatial equilibrium framework would have problems accounting for the house price comovements.

5 Quantitative Model and Structural Estimation

The basic model, which I examined in Section 3, was useful in providing intuition for the main
modeling assumptions and model mechanics but is not appropriate for establishing quantitative
effects. Therefore, in this section I move to a richer model of regional reallocation, which I proceed
to estimate structurally. I first briefly describe the dimensions along which the quantitative model

differs from the basic model above. Appendix C contains a more detailed description of that model.

5.1 Model set-up

Rather than one period long jobs, the quantitative model has stochastic job destruction, which
is the standard assumption of search and matching models of the labor market. In particular, at
the end of each period, after production takes place, with probability s € (0,1) a job becomes

unproductive and is destroyed. This assumption is important for generating realistic employment
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flows and ex ante employment heterogeneity among workers. I also assume that there’s no on-
the-job search and that only unemployed workers match to vacant jobs. Also, I expand the set of
labor market states, which allows for richer regional dynamics.

With ez ante employment heterogeneity among workers, it also becomes necessary to specify
migration decisions for both the employed and unemployed. I assume that unemployed workers
suffer idiosyncratic region preference shocks of the form described in the previous section. Further-
more, unemployed workers that migrate remain unemployed upon moving and search for a job in
their new region of residence. For employed workers, on the other hand, I assume that a fraction ¢
move out of a region in a given period.?® Also, I assume that employed workers remain employed in
their new region of residence, i.e. in a sense the job moves with the worker. Lastly, I assume that
the out-migration of employed workers from a region equals the in-migration of employed workers
into that region, so that the net migration of employed workers across regions is zero, and also the
job is not destroyed upon the worker’s move but rather the worker is immediately substituted for
another. The reason for this last assumption is to simplify the job creation decision of firms since
with it the migration of employed workers does not lead to job destruction.? Furthermore, even
though employment-to-employment moves across regions may respond to differences in job finding
probabilities across regions, their sensitivity would be substantially lower than the migration of
unemployed workers.?°

Lastly, wages in the calibrated model are rigid in the sense of Hall (2005). As was first pointed
out by Shimer (2005), the standard search model with Nash bargaining leads to a large response of
wages to changes in labor productivity, unless the value of unemployment is very high (Hagedorn
and Manovskii (2008)). The large sensitivity of the bargained wage implies that changes in labor
productivity are mostly absorbed by changes in the wage resulting in small effects on the job
finding probability and from there on unemployment. As a result, the standard search model
has problems accounting for the volatility of unemployment, given the observed volatility in labor
productivity. An analogous problem arises in the environment with regional labor markets that I
consider. In particular, a model with Nash bargaining has troubles producing the observed state
unemployment dispersion in the recent recession without setting an implausibly high variance for
labor market shocks. The modification of the standard search model that Hall (2005) proposes is to

28This constant migration fraction can be thought of as the outcome of idiosyncratic region preference shocks as
well, with region preference shocks taking two values: a value of 0 with probability 1 — ¢ and a value of —@Q with
probability ¢ for some @ that is sufficiently large to induce employed workers to move regardless of the region’s
labor and housing market states.

Tn the case of non-zero net migration of employed workers there will be job destruction that will depend on
the measure of employed workers in the region and hence job creation decisions will become dependent on the
population of workers in the region rather than on the labor market state a only.

30 Attributing all net flows to the unemployed increases the importance of reallocation for unemployment since
unemployed migrants are directly affected by differential job finding probabilities across regions, while employed
migrants are affected only indirectly in the future states where their jobs are destroyed and they become unemployed.
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have a rigid wage, arising, for example, from a social norm, which does not vary with the aggregate
business cycle, thus breaking the strong link between productivity and the wage. Furthermore,
the wage lies in the bargaining set of a worker-job pair for every value of productivity over the
cycle and hence does not violate individual rationality®!. This is the approach I adopt as well.32 A
rigid wage also simplifies the computation of equilibrium since the firm’s problem does not depend
on the distribution of workers with different mobility costs, thus making labor market tightness
independent of the regional distribution of workers, which would not be the case with a Nash

bargained wage.?3

5.2 Estimation procedure

The model described above is too complicated to allow for an analytical solution. This necessitates
a simulation-based estimation procedure for the model parameters. In particular, I will be using
indirect inference (Smith (1993), Gourieroux, Monfort, and Renault (1993)). Indirect inference is
a simulation based estimation method that uses an auxiliary model that links the observed data
and the structural model parameters. The auxiliary model is chosen to capture features of the
data, which are particularly informative about the parameters of the underlying model. Indirect
inference aims to minimize the distance between the parameter estimates of the auxiliary model
given the observed data and data generated by the underlying structural model.?* More specifically,

suppose that the parameters of the auxiliary model satisfy:
m=m(Xy) =argminQ (Xy,m) (16)

where Xy is the observed data with N observations (the so called binding function (Gourieroux,
Monfort, and Renault (1993))), and

m' (0) = m(Y} (6)) = argmin Q (Y (6) .m) (17)

31There is a large subsequent literature dealing with rigid wages in search models (see Gertler and Trigari (2009)
and Shimer (2010)).

32See Appendix C for the exact conditions.

33The choice of Nash bargaining versus wage rigidity should not be relevant for the simulation results, since I am
not interested in identifying the exact mechanism from economic shock to labor market outcome and treat regional
labor market conditions as exogenous.

34The simulated method of moments (SMM) is a particular special case of indirect inference, in which the
parameters of the auxiliary model are moments of the data.
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where Y}, is data generated by the i-th 7 € {1,2,...,.S} simulation of the structural model given

parameter vector . Then the indirect inference estimator of 6, 0 satisfies:

. 1S 1L
Hzargmein (m—EZmZ (9)) W (m—EZmZ (0)) (18)

where Wy is an arbitrary positive definite weighting matrix. The optimal weighting matrix is given
by the inverse of the variance-covariance matrix of m — % Zle m® (#), which is proportional to the

variance-covariance matrix of m, 2. Then for a fixed S, as IV tends to infinity, the indirect inference

estimator is asymptotically normal with variance var (é) = (1 + %) [(%}—g‘» 0! (8219(/9 ))}

5.3 Functional form assumptions and parameters

The quantitative model contains a large set of parameters and functions with unspecified func-
tional form. Estimating a large parameter vector becomes computationally costly in the case of
simulation-based estimation. More importantly, the model can explain only certain features of the
data, so that estimation of some parameters may lead to bad identification. Therefore, I struc-
turally estimate only a subset of the model parameters and calibrate the rest to values in datasets,
different from the data I will use for estimation or values that are standard in the literature.
Additionally I make a number of functional form assumptions for the unspecified functions.
Starting with the particular functional forms I work with, I assume that the flow utility function
is @ (c,h) = ¢+ v(h), where v(h) = /ﬁzhll_—fw7 for v # 1 and v (h) = klog (h) for v = 1. Turning
to the matching technology, I use a Cobb-Douglas matching function, m (u,v) = M - u'~“v®,

v

which implies that p(z) = M - 2* for = = 2. I assume that the labor productivity shock 7 is
2
pt
from a truncated normal distribution with zero mean and variance o2, where the domain is given

normally distributed with variance o2. Similarly, I assume that regional preferences are drawn
by [—B, B]. The value of B has a small effect on the results as long as it is sufficiently large, so I
set B = 3o..

I set a time period in the model to correspond to a month. Also, a region in the model
corresponds to a U.S. state.?® I set the discount factor 3 to 0.995, which gives an annual discount
rate of around 6%. For the flow benefit from unemployment I set e to 0.65, which lies between
the values proposed by Shimer (2005) and Hagedorn and Manovskii (2008). The exogenous job
destruction probability s is set to be 0.034, which is consistent with the rate used in Shimer (2005)

35 Ametropolitan statistical area (MSA) is the more natural counterpart of a region in the model, since according
to the definition of an MSA (Office of Management and Budget (2009)) it constitutes a single labor market, so
workers within an MSA do not need to move in order to search and be matched to a vacant job in the MSA.
This matches well the specification of regions in the model, however, due to data limitations and the availability of
housing equity data at the state level only (see Section 2), I work with state-level data.
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and Hall (2005). I set the supply of housing in each region to H = 1 and normalize the average
labor productivity to A = 1.3% For the matching function, I estimate o and M from JOLTS using
monthly data from December, 2000 to December, 2007.3” The estimates I obtain for the matching
function are o = 0.605 and M = 1. The value of a obtained lies in the middle of the set of
estimates reported by Petrongolo and Pissarides (2001).

Lastly, I work with a two point distribution of immobile workers across regions, with [y € Ly =
{0,0.04} and Pr (lp = 0) = 0.5. This distribution approximates the distribution of households with
limited housing equity (equity < 5%). Additionally, with per-period probability of 1 — p;, = 0.05,
a region switches between the two point masses on the distribution of immobile workers. This
matches the annual auto-regressive coefficient of the fraction of households in limited housing
equity by state of 0.55 observed in the data.?® The reason for including immobile workers in the
estimation stage is to show that the third reduced-form fact discussed in Section 2 is constent with
increases in the migration costs for some individuals in the economy.

I summarize the predetermined parameters in Table 2.

Given this set of predetermined parameters, there are 9 model parameters that remain to be

estimated. I denote these by the vector 6. In particular,
9: {pagnaka’}/; "{7)\761aaea¢} € @ (19)

where the parameter space © is a compact subset of a Cartesian product of positive real intervals.
The parameters to be estimated are summarized in Table 3.

Lastly, the regional wage rate is set at the wage rate from a standard search and matching
model with symmetric Nash bargaining and no regional productivity dispersion but otherwise

parametrized as my model. This is similar to the approach from Hall (2005).

5.4 Data and Moments

The data I use for the estimation is annual state-level data between 1993-2008 for the 50 states

and the District of Columbia. The choice of this time period and geographical level of aggregation

367 also normalize the total population of workers in the economy to L = 1.

37JOLTS contains information on total hires per month, which, when divided by the total stock of unemployed,
gives the job finding probability 1 (z). The value of z is similarly obtained as the total vacancies divided by the
stock of unemployed. Note that I need an estimate for a matching function at a low level of aggregation but have
only aggregate data. This would be worrying, when regional dispersion is high since mismatch would affect the
estimated aggregate matching function, which will no longer correspond to the matching function at a lower level of
aggregation (Barnichon and Figura (2011). Therefore, I estimate the aggregate matching function for a time period
when of low regional dispersion to ensure that estimate would be close to a matching function estimate at a lower
level of aggregation.

38Note that I assume that this does not affect the decision problems of workers, i.e. for workers these shocks are
unanticipated.
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Table 2: Calibrated Parameters

parameter description value
I5} discount factor 0.995
e flow unemployment 0.65
payoff
S job destruction 0.034
probability
A average regional 1
productivity
w(z) matching function 20-605
Ly distribution of {0,0.04}

immobile workers, [y

1—pi per-period probability of 0.05
a switch in [

is not surprising given the dataset used in Section 2, since several of the arguments of the binding
function used for the indirect inference procedure will be regression coefficients from the estimation
in Section 2. In particular, I focus on the regression coefficients in the specifications with the
fraction of households with equity < 5%for both the out and in-migration regressions, i.e. a total
of 6 coefficients.

The reason for focusing on these particular coefficients is that those are important features of
the data that the particular model I consider can account for, whereas by construction it is silent on
the effect of the other controls, relative income or wages (there is no heterogeneity in skills or secular
growth rates of regions), homeownership rates and debt-to-value ratios (owning and renting are
perfect substitutes and there are no downpayment requirements or other financial frictions), state
specific characteristics (regions are homogenous in their housing stock and matching functions) or
aggregate shocks (in the case of the steady state equilibrium of the model). Partialling out all
these other regressors as well as state and time fixed effects makes the observed data and model
generated data comparable.

Note, that it is fine for the estimation procedure I use if these regression coefficients arise
from reduced-form regressions rather than structural regressions, and if the auxiliary model is mis-

specified, as long as the underlying structural model I have can produce the structural relationship
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Table 3: Estimated Parameters

parameter description

p persistence of
labor productivity

oy dispersion of
labor market shocks

k vacancy posting cost

vy inverse elasticity
of housing demand

K weight on utility
from housing

A probability of
directed migration

c1 mobility cost

Oc dispersion in
regional preferences

10) probability of migration
of an employed worker
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between variables that exists in the observed data. This particular feature is a very attractive
property of indirect inference estimation.

Apart from these 6 “moments”; I also include 5 additional data parameters, which include the
annual coefficient of auto-correlation in state unemployment after controlling for state and year

fixed effects, that is the coefficient in the regression
Ugt = Qg + Ct + Pu * Ust—1 + €st, (2())

the average aggregate unemployment rate, average labor force weighted unemployment dispersion:

n

u Ls
ot = l—;(ust —up)? (21)

s=1

where [ is the labor force in state s at time ¢ and ug is unemployment rate in state s at time ¢,

average interstate migration rate:
lst
= —out, 22
U Z l, ¢ (22)

S

where outg, is the gross out-migration rate from state s at time ¢t , and net migration rate:

Li
L (iny — out,)

; (23)

1
net; = 5

where ing is the gross in-migration rate into state s at time t. Each of these is for the period

1993-2008 and is obtained after controlling for a linear time trend in the annual time series.?’

5.5 Identification and estimation

As long as the derivative matrix of m () has full column rank, the parameter vector 6 will be
identified by the estimation procedure. Additionally, the particular choice of moments is guided
by the need to use features of the data that are informative for the underlying model parameters,
i.e. we want m () to be sensitive to changes in 6. Proposition 4 in Section 4.3 and the discussion
after it already touched on these issues. In particular, the coefficients on relative unemployment
in the migration regressions, as well as average interstate migration and net migration rates are
informative for the parameters in the model that drive migration patterns (A, ¢, o, ¢). For
example, a higher net migration rate corresponds to greater directed migration A and/or higher

dispersion of region preference shocks (o). The interstate migration rate is informative about the

39Table 4 in the next section summarizes the 11 regression coefficients and aggregate moments that I use in the
indirect inference procedure, their observed values, as well as their values at the identified model parameters.
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region preference shocks and migration cost of unemployed workers, ¢; and o, and of employed
workers, ¢. The out-migration regression coefficient, in turn, is particularly informative about ¢,
and o, since a higher value of ¢; for a given value of o, leads to lower out-migration in response to
an adverse labor market shock and higher unemployment in a region. The in-migration coefficient
is informative about A.

The house price coefficients in the migration regressions are informative for the parameters in
the housing utility function (v, k). A higher value of v, implies more volatile regional house prices
since house prices fall more sharply with population changes. Higher price variability leads to a
higher magnitude of the regression coefficients on house prices. Higher values of x imply that house
prices do not have to fall by much to compensate workers for labor market differences, so given the
migration process, the equilibrium cross-sectional dispersion in house prices is lower, which again
affects the magnitude of the regression coefficients.

The auto-correlation of unemployment, unemployment rate and unemployment dispersion are
informative for the productivity process parameters and cost of opening a vacancy (p,o,.k). In
particular, the first is informative about p, the second, about k, and the third, about o,.4"

Lastly, we need the variance-covariance matrix of 7 in order to form an optimal weighting
matrix and compute standard errors for 6. In this particular case, this matrix corresponds to
the variance-covariance matrix of a set of regression coefficients. I obtain them by estimating
the migration regressions (1), and equation (20) in a system of equations. Similarly, I obtain the
aggregate averages in a system of equations with a constant term and linear time trend. I assume
that the two sets of regression coefficients are uncorrelated so that the variance-covariance matrix
for m is block diagonal. This assumption is reasonable since the first set of estimates uses state-year
variation, whereas the second set uses aggregate time-series variation.

The estimation procedure relies on a simulation of the steady state equilibrium of the model
economy. Given a solution for the steady state equilibrium of the model economy, the estimation
algorithm proceeds by generating data for 45 regions and 16 years and computing moments as in
the data and checks the value of the criterion function. To solve for the steady state equilibrium,
I discretize the state space over which the value functions of workers and the law of motion for
the labor force are defined. Appendix C contains information on the numerical algorithm I use to
simulate this discretized version of the model. The algorithm is standard apart from two points that
are worth mentioning briefly. First of all, rather than simulating a nested fixed point model where,
for example, for a given law of motion for the labor force, I solve for the worker value function

until convergence, I adjust all endogenous objects simultaneously. This greatly speeds up the

4OEven though Proposition 4 suggests that some parameters in the model can be identified it is far from an
identification result. Unfortunately, it is hard to derive such an identification result for this model. However, a
numerical estimate of the derivative matrix of m (6) shows that the objective is sensitive to changes in the parameter
vector 6. The estimate of the derivative matrix is available upon request.
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Table 4: Data and Model Moments

Description Observed Simulated
Zzg -0.8123 -1.2132
pout 0.1727 0.2713
B;“t 0.251 0.2534
f{ég 0.1355 -0.5401
B -0.226 -0.2413
6;” -0.1577 -0.1936
Pu 0.7378 0.752

aggregate unemployment 5.3657 5.3016
unemployment dispersion  1.0679 1.0931

migration rate 3.013 2.9174
net migration rate 0.2794 0.2253
Criterion 28.227

Notes: Calculations are based on state-level data between 1993-2008. Estimation is performed by Indirect Inference. The simulated
moments are obtained from 50 simulated panel of 45 regions over 293 time periods (months) keeping the last 193 time periods only (16
years and 1 month). The first six moments are regression coefficients from out- and in-migration regressions. The seventh moment is
auto-correlation coefficient for state unemployment. The last four moments are aggregate averages. Value of criterion function at

minimizing parameter vector reported last.

computation of equilibrium, which is highly desirable for the estimation procedure but at the cost
of more unstable convergence. Secondly, the law of motion for the labor force basically constitutes
a continuum of housing market clearing conditions. Therefore, in the case of a discretized law
of motion we have a large number of market clearing conditions that have to be adjusted in a
tatonnement-like fashion. The particular adjustment process chosen influences greatly the speed

and stability of convergence.

6 Estimation results and counterfactual experiments

I first presents the results of the estimation procedure. Table 4 compares the observed and sim-
ulated moments (regression coefficients and aggregate averages). The model is fairly good at
matching the targeted moments observed in the data. There are two particular issues with the
model’s fit to be discussed. First of all, the model cannot reconcile perfectly the observed net
migration rate and the sensitivities of out- and in-migration to relative unemployment. Match-

ing a higher net migration rate is associated with higher sensitivities of out- and in-migration to
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unemployment. The main reason for this is that a region in the model is more comparable to an
MSA than a whole state. Since there are moves across MSAs but within states that the state level
data does not pick up, this leads to weaker comovements between unemployment and migration
rates than for data generated by the model.*!

The second issue relates the behavior of house prices in the model. However, it is not possible
to see this from a comparison of moments but becomes clear when one examines the parameter
estimates, which I turn to next. Table 5 presents the parameter estimates and asymptotic standard
errors. The most interesting parameter estimates are the parameters of the utility from housing
(v and k) and the parameters guiding migration decisions (A, ¢;, and o.). First of all, the inverse
elasticity of housing demand, v is close to estimates obtained in micro-studies (Hanusheck and
Quigley (1980)). On the other hand, the value of x, leads to a substantially lower housing expen-
diture share (around 4%) than observed in the data (24% in Davis and Ortalo-Magne (2009)).4?
The reason for this low estimate is the following: House price variability, cross-sectionally and over
time, is important for the observed magnitudes of regression coefficient estimates in the migration
regressions. A low level of housing expenditure share leads to a more dispersed population in the
cross-section of regions in equilibrium and from there to more variable rental rates. Since house
price variability is only driven by rental rate variability in the model, this allows the model to
match the regression coefficient magnitudes observed in the data.*?

Turning back to Table 4, we see that there is a similar patter in the coefficient estimates on
households with limited housing equity from the data and the coefficient for immobile workers
from the model, with the out-migration coefficient higher in magnitude than the in-migration
coefficient.** Therefore, an asymmetric pattern between out- and in-migration as observed in the
data is consistent with an increase in the mobility cost of some individuals. The implications of

this observation are two-fold. First, if a housing market slump does distort the mobility decisions

41Tt could also be the case that the model cannot explain all of the net migration present in the data since it does
not consider the effect of relative income for migration flows. Explaining the additional effects of relative income
beyond the effects of relative unemployment is a promising venue for future research, which I discuss briefly in
Section 7.

42Estimating the model under the restriction of v = 2 and x = 0.2355 to match the inverse elasticity of housing
demand from micro-studies and the expenditure share in the data, produces similar results for the other parameters.
In particular, the probability of directed migration changes the most and equals A\ = 0.4924, the mobility cost,
c1 = 17.0921 and o, = 6.3193.

43This discrepancy in expenditure share estimates provides indirect support for the observation that regional
house price variability both in the time series but also cross-sectionally is driven by variability in discount factors
beside rental rate variability (Campbell, Davis, Gallin, and Martin (2009)). Therefore, including volatile discount
factors of house prices can help match both rental rate and house price variability. However, this is beyond the
scope of this paper.

44Both coefficient estimates in the simulated model are withing the 95% confidence intervals of the coefficient
estimates from the data despite the in-migration coefficient having a different sign than in the data. The 95%
confidence interval of S for the equity cutoff of 5% is [-1.581, -0.0437] and for 87/, it is [-0.582, 0.853]. The
reason for the wrong sign is that this particular regression coefficient is not targeted by the optimization since it
has a low weight in the objective function as it is very imprecisely estimated in the data.
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Table 5: Parameter estimates

p oy k 0% K A 1 O ¢
0.9625 0.0054 0.6491 2.7734  0.0336 0.351 17.1775  6.3437  0.0026
(0.0033) (0.0012) (0.04) (0.032) (0.0264) (0.0329) (0.1301) (0.092) (0.0006)

Notes: Parameter estimates from Indirect Inference estimation. Estimation procedure chooses vector of parameter values to minimize
the distance between moments observed in the data and moments generated by simulated data from the model. Standard errors

derived from numerical derivatives in parenthesis.

of some individuals, this distortion will appear in aggregate migration data as such an asymmetric
pattern. Secondly, modeling this distortion directly with heterogeneous moving costs still allows
the estimated model to be consistent with such an effect. Therefore, if a housing bust increases
mobility costs, then looking at the direct effect of a larger fraction of workers with high mobility
costs in the estimated model, as I do in Section 6.2 below, will be informative about the aggregate
effects of the housing bust through that channel.

The mobility cost estimates A, ¢q, and o, in Table 5 are of particular interest. First of all, the low
estimate for the probability of directed migration has several interpretations. It implies that agents
are not perfectly informed about regional characteristics when making their migration decisions.
Secondly, agents may have unmodeled heterogeneous beliefs about the future evolution of specific
regional labor and housing markets. Lastly, it implies that a substantial part of inter-regional
moves are not related to labor or housing market differences and are the result of unmodeled
preferences for other regions.

The estimated mobility cost c¢; is substantial. It equals around 2 years of wage income in the
model. This is similar in magnitude to the estimates obtained in Kennan and Walker (2011). Lastly,
the volatility of regional preferences o, is low compared to the mobility cost ¢;. This translates
into a lower mobility rate and lower sensitivity of out-migration to mobility, respectively. A drop in
the variability in preference shocks (higher quality of matches between individuals and locations)
has been proposed as one explanation for the secular decline in mobility observed in the US (see
Kaplan and Schulhofer-Wohl (2012b)).

Apart from looking at the discrepancy between the features of the data that the estimation
has explicitly targeted, I also report a set of moments, which the estimation has not targeted.
Table 6 presents the standard deviation for (the logarithm of) out-migration, in-migration, relative
unemployment and relative house prices, as well as the fraction of households with limited housing
equity /fraction of immobile workers in the observed data (after partialling out covariates and fixed
effects that the model does not aim to explain, as discussed in Section 5.4) and in the estimated

model. Similarly, table 7 shows the correlation coefficients between these variables in the data and
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Table 6: Standard deviations of observed and simulated data from the estimated model

Observed Simulated

Oowt  5.542 5.443
om  5.207 19.850
Oneg  L.TAT 1.823
0. 10.554 18.676
o, 6419 8.961

Notes: Standard deviations for (100 times) log of out-migration rate (oout), in-migration rate (o;y), relative unemployment (o) and
relative house prices (op), as well as fraction of households with housing equity < 5%/immobile workers (oneg), for the observed data
(left column), after controlling for state and year fixed effects, relative wage, relative income-per-capita, home ownership rate, average
debt-to-value and demographics and for data simulated by the model. The standard error for the data simulated by the model is

averaged over 50 simulations.

in the model.

Both the standard deviations and correlation coefficients are fairly close in the estimated model
and the observed data. The standard deviations of out-migration are nearly identical.*> The
variability in relative unemployment and house prices is slightly larger in the model than in the
data. The model produces substantially more variable in-migration, which is due to the non-trivial
fraction of directed migration that leads to jumps in the population. Jumps in population in the
model occur in response to house price differences opening up between regions with similar labor
market conditions. As a result house prices also jump with positive labor market shocks. However,
house prices do adjust down smoothly when labor market conditions worsen. This creates high
persistence in house price changes, and as a result, the coefficient of autocorrelation in the log of
annual relative house prices in the model is very high, around 0.959. This is consistent with a high
coefficient of autocorrelation of 0.818 observed in the data. The inability of a spatial equilibrium
model with frictionless mobility to match the observed autocorrelation in house prices has been a
puzzle in recent literature (Gleaser, Gyourko, Morales, and Nathanson (2012)).

Therefore, congestion effects in housing markets are not sufficient to produce a smooth responses
of in-migration or house prices to labor market improvements. Smoothness in in-migration and in
house price increases can arise either from a richer stochastic process for labor market shocks or
from a technological constraint on the rate at which individuals can move into a region that does
not arise through the housing market. For example a technological adjustment cost to in-migration

will allow for that.

45The standard deviations of fraction of households with limited housing equity/fraction of immobile workers are
very close because of the way the distribution of immobile workers is calibrated.
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Table 7: Correlation coefficients for observed (a) and simulated (b) data

log(out) log(in)  mneg  In() In(%)
log(out) 1
log(in)  -0.3186 1
neg -0.0759  -0.0279 1
In(%) 02420 -04051 0.1084 1
In(Z) 02316 -0.1274 -0.0427 -0.205 1
(a)
log(out) log(in)  mneg In(*e) In(%)
log(out) 1
log(in)  -0.2464 1
neg -0.3625  -0.1094 1
In(%) 0831 -0213 00089 1
In(t)  0.0389  0.0277 -0.1064 -0.3366 1

(b)

Notes: Correlation coefficients for (100 times) log of out-migration rate (oout), in-migration rate (o;y,), relative unemployment (o)

and relative house prices (op), as well as fraction of households with housing equity < 5%/immobile workers (oneg), for the observed

data (left column), after controlling for state and year fixed effects, relative wage, relative income-per-capita, home ownership rate,

average debt-to-value and demographics and for data simulated by the model. The standard error for the data simulated by the model

is averaged over 50 simulations.

33



Examining the cross-correlation coefficients shows a similar picture, with some coefficients fairly
close but with discrepancies in others. There is a negative correlation between out- and in-migration
in the model and in the data with similar magnitude. Two coefficients that are noteworthy are
the correlation between relative house prices and out- and in-migration. The reason for the low
correlation is the low estimates x, which as discussed above, leads to a low expenditure share on
housing and a dampened response of migration flows to house prices. The negative correlation
between relative house prices and the fraction of immobile workers in the model is somewhat
puzzling. The reason for it is that even though the measure of immobile workers is exogenous, its
fraction of the total population is endogenous and is lower when regional populations are higher,
which is when house prices are higher. The zero correlation between relative unemployment and
the fraction of immobile workers is more expected since unemployment rates are not related to
populations given the constant returns to scale production function. In the data, there is a negative
correlation since stagnant labor markets correlate with an increases in the fraction of households
with limited housing equity. Overall, the fairly close match between untargeted moments in the
data and the estimated model is encouraging for the results of the counterfactual simulations that
I perform in the next sections.

The large mobility cost, low probability of directed migration and the effect of relative house
price differences on migration decisions that I estimate constitute important reallocation barriers
that may lead to regional mismatch, the co-existence of relatively tight and slack regional labor
markets that unemployed workers look for jobs in, when regional economic fortunes diverge. I
examine this possibility by showing that the model can account for the comovement between

regional unemployment dispersion and shifts in the Beveridge curve observed in the data.*6

6.1 Beveridge curve shifts

In her study on the shifts of the U.S. Beveridge curve, Abraham (1987) conjectures that dispersion
in regional economic conditions are associated with shifts in the curve. I confirm this by first
showing that there is a positive comovement between regional unemployment dispersion and shifts
in the Beveridge curve and then showing how my model can produce and explain this comovement.

I look at annual data for the U.S. and construct a synthetic vacancy rate using the Conference
Board HWI and JOLTS (see Appendix A for details), as well as annual employment weighted
state and MSA unemployment dispersion series. I estimate a standard Beveridge curve regression,

adding a cubic time trend to control for secular shifts in the curve as well as for trends in the

46Note that both discrepancies between the model and data discussed above would lead to lower identified
reallocation barriers than are present in the data, since in the first case sensitivities to unemployment are higher
in the data, whereas in the second the compensation of the low expenditure share from housing leads to low
compensation of housing markets for labor market differences. Therefore, the counterfactual experiments below are
performed with lower levels of reallocation barriers than those that are likely to exist in reality.
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Table 8: Beveridge curve regressions with vacancy rate as dependent variable (a) and unemploy-
ment rate as dependent variable (b)

(a)

Dep. Variable: vacancy rate
v In(v)
unemployment rate  -0.203%%* -0.458***  -0.455
() (0.0327)  (0.101)  (0.311)
State Unemployment 1.146*%*  1.146** 0.246*
Dispersion (0.458) (0.459) (0.129)
u? -0.000255
(0.0217)
In(u) -0.742%%*
(0.172)
R? 0.801 0.851 0.851 0.881
(b)
Dep. Variable: unemployment rate
u In(u)
v -2.2094%H% - _1.044%**  _4,081%F*
(0.415)  (0.224)  (1.286)
State Unemployment 3177 2.803FK*  (.475%H*
Dispersion (0.237)  (0.252)  (0.0421)
v? 0.411%*
(0.191)
In(v) -0.662%**
(0.117)
R? 0.801 0.851 0.851 0.881

Notes: Own calculations from BLS, Conference Board and Abraham (1987). Annual data from 1960-2010. Newey-
West robust standard errors in parenthesis; * = significant at 10%; ** = significant at 5%; *** = significant at
1%. All regressions include a cubic time trend. v is national vacancy rate and u is national unemployment rate.

n €4t

Dispersion measure for unemployment is defined as 6} = \/ Yo T(UM — u¢)? where e; ¢+ is employment in state

1 at time ¢, e; is national employment at time ¢, u;; is unemployment rate state ¢ at time ¢ and w, is the national
unemployment rate.
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Table 9: Beveridge curve regressions on model generated data

Dep. Variable v u
u -0.5607
v -1.2338

Unemployment 0.3496  0.7207
Dispersion

Notes: OLS regressions based on model generated aggregate time series on vacancy rate, unemployment rate and regional unemployment
dispersion. Number of observations: 50. Data is derived by solving the model for different values of A and o,. Each observation
is derived as the average of 12 monthly observations. Each 12 months a new set of values for A and o, is drawn from the sets

[0.995,1.005] and [0, 0.02], respectively. These shocks are assumed to be unanticipated. Unemployment dispersion is defined as 6}* =

l.
\/Z?:l £ (wie — ue)?.

vacancy or unemployment rates, and also include unemployment dispersion to the regression. The

main regressions I run are of the form:

3
yt:Oéo‘i‘CYl Ty + O (3'?"‘20(244 ti‘i‘Et (24)
=1

with 4, = v;, the aggregate vacancy rate in year ¢ and x; = u;, the aggregate unemployment rate,
and vice versa. ¢} is regional unemployment dispersion either at the state or MSA level.*”

Table 8 shows the regression results for state unemployment dispersion.?® Not surprisingly there
is a very significant negative relation between vacancies and unemployment. More interestingly,
there is also a positive relation between regional unemployment dispersion and vacancies, con-
trolling for unemployment (or vice versa in the regressions where unemployment is the dependent
variable).

This relation implies a positive comovement between state/MSA unemployment dispersion and
shifts in the Beveridge curve. The recent recession and its aftermath are examples of this positive
comovement as both state and MSA unemployment dispersion have increased significantly, and at

the same time the Beveridge curve appears to have shifted out.*’

47T also augment (24) with the square of unemployment rate and vacancy rate, respectively and also run a
regression with the vacancy and unemployment rates in logs to control for non-linearities.

48Table 13 contains the results for MSA unemployment dispersion.

49The possibility of an outward shift in the curve has renewed interest among academics and policy makers about
the importance of mismatch for the labor market. (Katz (2010) and Kocherlakota (2010)). Empirical work on the
Beveridge curve and JOLTS data by Barnichon and Figura (2010) and Barnichon, Elsby, Hobijn, and Sahin (2010)
provides additional evidence for the magnitude of the recent shift.
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I now show how the model I study in this paper can generate this comovement. I simulate
a sequence of (unanticipated) shocks to average aggregate labor productivity A and productivity
dispersion o,, and solve the model (at the estimated parameters) for these shocks, constructing a
time series of aggregate vacancy and unemployment rates, and aggregate unemployment dispersion.
I then run Beveridge curve regressions similar to (24) on this data. Table 9 shows the estimation
results from these regressions. The coefficients on unemployment dispersion are both positive and
statistically significant. They are particularly close in magnitude to the coefficients estimated for
MSA unemployment dispersion, shown in Table 13 in Appendix A. Figure 2 shows visually the
shifts in the Beveridge curve implied by the model generated data, as well as the US Beveridge
curve between 1960 and 2010.5°

Therefore, the model can explain a large part of the shifts in the Beveridge curve that have not
been due to secular trends. These results suggest that regional mismatch, due to the combination of
limited regional labor reallocation and shocks that hit regional labor markets asymmetrically, is an
important shifter of the Beveridge curve. Conversely, this implies that relaxing regional reallocation
by partially of fully removing these barriers would have an important effect on aggregate and
regional unemployment. However, changing the level of mobility without affecting its sensitivity
to labor market shocks should not reduce regional mismatch much. These two observations are
important for understanding the quantitative results I obtain in the next section when I vary

mobility and reallocation barriers.

6.2 Great Recession simulation

I now turn to a simulation of the Great Recession. The main purpose of this exercise is two-fold.
First of all, it gives a sense of the importance of reallocation barriers for the labor market that
the structural estimation identified, and secondly it examines the likely quantitative magnitude
of the housing bust mobility hypothesis, discussed in the Introduction, for regional reallocation
and unemployment. I examine these effects by calibrating a permanent shock to average labor
productivity A, productivity dispersion o,, and the measure of immobile workers across regions L
to match the average unemployment rate, average state unemployment dispersion by occupation

and interstate migration rate for members of the labor force in 2010.°! These values are u = 9.5%,

50The average unemployment dispersion for the model generated series is around 2.5%, which is close to the long
run mean of average unemployment dispersion by occupation from 1968-2010 of around 2.3%. See Section 6.2 for
a precise definition.

5IThe assumption of a permanent shock is fine as long as shocks are fairly persistent at monthly frequency in
the data. Examining average state unemployment dispersion by occupation gives a coefficient of autocorrelation at
annual frequency of 0.86. Also, state unemployment dispersion data points to a regime switching process. . A test
for multiple structural breaks (Bai and Perron (1998)) confirms this.
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Figure 2: Beveridge curves for model generated and observed data.
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Notes: Observed data is data on aggregate vacancy rate and unemployment rate between 1960 and 2010 after removing a cubic time
trend. See Appendix A for details. Model generated data is derived by solving the model for different values of A and o,. Each
observation is derived as the average of 12 monthly observations. Each 12 months a new set of values is drawn.. These shocks are

assumed to be unanticipated. The total number of model derived observations is 50.

0" = 2.3% and ¢ = 1.46, respectively.?

This particular approach provides an upper bound on any mobility and regional reallocation
distortions that the housing bust may have caused and leads to half of the population in the model
having a high mobility cost (i.e. being immobile). To calibrate these parameters I simulate a steady
state equilibrium of the model (otherwise parametrized at the estimated parameters above). As in
the structural estimation, I average the model derived moments over 50 simulations. I then conduct
a series of counterfactual experiments, in which I reduce the fraction of immobile workers to its
baseline level and also sequentially relax other reallocation barriers. As discussed in the previous
section, there are several reallocation barriers that act in the model. First of all, imperfect directed

migration has two effects on migration: It discourages migration since workers migration values

52] take average state unemployment dispersion by occupation rather than state unemployment dispersion un-
conditionally, since the former is more informative about the magnitude of labor market disparities in the presence
of costs to switching occupations. I derive the average state unemployment dispersion by occupation from CPS
micro data by constructing unemployment rates by occupation, state and year with 10 general occupation groups.
I then construct labor force weighted state unemployment dispersions by occupation o and year t of the form

Oot = \/ Sy li’lz" (Ui 0t — Uot)?. I then take a weighted average of these unemployment dispersion across occupa-
tions with weights given by the employment share in each occupation nationally. The value of 6% = 2.3% used is
for 2010. The 10 occupation groups are managerial occupations, professional specialty occupations and technicians,
sales occupations, administrative support and clerical occupations, service occupations, farming and forestry occu-
pations, mechanics, repairers and precision production occupations, construction trades and extractive occupations,

machine operators, and transportation and material moving occupations.

38



Table 10: Simulating the Great Recession and Counterfactual Experiments

Scenario Uagg oY  migration net migration U, U,
rate rate
Great Recession 9.49 2.301 1.46 0.17 11.27 7.79
(lp =0.5)
Counterfactual: 9.43 2.276 2.91 0.26 11.25 7.75
(Ip € {0,0.04})
Counterfactual: 9.39 2.251 2.99 0.43 11.15 7.75
(lp € {0,0.04}, A =1)
Counterfactual: (I € {0,0.04}, 9.36 2.175 3.16 0.71 11.14 7.7
A=1,k—=0)
Counterfactual: (I € {0,0.04}, 9.12 2.136 3.94 1.39 11.03 7.7

A=1,k—0,c =13.22)

Notes: Model simulation results. See text for details. All numbers are in percentage points. Uagg is the aggregate unemployment rate,

U

6" is aggregate unemployment dispersion, and U; and Uz are average unemployment rates for regions above and beyond the median

unemployment, respectively. The first exercise calibrates, A, o,, and lg to match the aggregate unemployment rate, average interstate
migration rate by occupation and migration rate for 2010 in a steady state equilibrium of the model. The remaining exercises use these

parameters for A and o, but vary lg, A, x, and c1 as shown in the table.

are reduced. It also decreases net migration. Since labor reallocation is the result of net migration,
a lower probability of directed migration should translate into a lower level of labor reallocation.
Secondly, utility from housing services and relative house price differences provide compensation for
different labor market conditions across regions. A higher utility from housing thus reduced labor
reallocation, as well. Lastly, the cost of migration for unemployed workers affects the sensitivity
of migration to labor market differences, and hence, net migration flows.

The results for the Great Recession simulation and counterfactual experiments are shown in
Table 10. Each scenario reports the aggregate unemployment rate, unemployment dispersion, inter-
regional and net migration rates, as well as average unemployment in regions with unemployment
above and below the median. As is evident from a comparison of the first and second row, the
mobility distortion effect of the housing bust, although potentially substantial, has a very limited
labor market effect. In particular, aggregate unemployment falls by only 6 basis points if the
fraction of immobile workers is reduced to the baseline level. Inspecting the third and fourth
columns reveals the reason for this. Although the effect on inter-regional migration is substantial,
with regional mobility doubling, the effect on net migration is limited.

Therefore, given the estimated parameters, even a large gross migration effect due to a mobility

distortion (from the housing bust or via any other channel) would correspond to a smaller effect on
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net migration and from there on labor reallocation and unemployment. Hence, relaxing reallocation
barriers in the model such as the probability of directed migration and the compensation effect
of housing consumption for labor market differences, which affect net migration, would enhance
the labor market impact of a reduction in worker mobility. For example, moving to fully directed
migration (row 3) produces a small effect on gross migration but a large effect on net migration.
Similarly, removing housing from the utility function, reduced gross migration slightly but the
net migration response is large. The result of both is a larger effect on aggregate unemployment.
Lastly, a reduction in the cost of moving, ¢;, by around 20%, increases net migration substantially
as well and leads to an effect on aggregate unemployment of almost 0.4%.53

To summarize, a mobility reduction of the housing bust may have affected gross migration
substantially, but its effect on net migration and labor market reallocation would have been limited.
More generally, reducing individual mobility will affect gross flows more than it would regional
reallocation and unemployment. The reason for this is that the labor market differences produce
low levels of reallocation, at least over short time horizons. This is due to a combination of
reallocation barriers that the estimated model identifies, such as imperfect directed migration,
relative house price differences that compensate for labor market differences and fixed costs of
moving.

These observations also shed some light on the effects of policies aimed at promoting labor
reallocation. Although the model is not constructed for a complete welfare analysis of different
policies, since mobility distortions are modeled in a reduced-form way, it is still informative about
their ultimate labor market effects. The most important insight is that on its own any policy that
reduces mobility distortions will have a very limited effect on aggregate unemployment. Any such
policy must be combined with policies aiming to improve labor reallocation more generally. Such
policies include, for example, providing better information to workers about job vacancies and the
state of labor markets in other regions, or providing housing subsidies for moving to regions with
house prices above the national average or a tax on housing consumption for regions with house
prices below the national average. Lastly, a moving subsidy that reduces moving costs will have a

beneficial effect on reallocation, as well.

53Note that, estimating the model to MSA data may lead to slightly larger effects since gross and net migration
rates are higher across MSAs than across states, so the estimated probability of directed migration will be higher
and the estimated mobility cost, lower. However, the effects will be of similar magnitude to the effects reported in
Table 10. For example, in a previous version of this paper, I looked at the effects of reduced mobility in a model
with only directed migration, no house price differences and a lower migration cost than the one estimated here and
uncover an effect of 0.5%.

40



7 Concluding comments

This paper studies regional labor reallocation and its labor market consequences and evaluates the
housing market mobility hypothesis for labor market performance as one particular application. I
construct a multi-region equilibrium model with regional labor and housing markets and limited
mobility, which I proceed to estimate structurally using state level data for the U.S.. The model
can account for the comovements between unemployment, house prices and gross migration flows.
It uncovers substantial reallocation barriers, which lead to large regional mismatch as evinced by
the ability of the model to match shifts in the U.S. Beveridge curve.

Finally, I examine the likely magnitude of a labor market reallocation distortion of the recent
U.S. housing market slump. The effects uncovered are small despite potentially large effects on
aggregate migration, due to limited regional reallocation resulting from the high reallocation bar-
riers that the model identifies. The small effects on unemployment do not imply that any mobility
distortions of the housing bust were of little consequence. Even though net flows are the important
margin for the response of unemployment, gross flows are important for productivity. For example,
a firm that has to relocate an employee to an establishment in a different city may delay such a
move because of housing market problems that the employee faces, which would ultimately be
reflected in lower productivity.

The model with limited mobility that I study in this paper and the empirical methodology that
I use have important applications beyond this particular example. For instance, the paper shows
that limited mobility has implications for regional population and house price dynamics, which are
not present in the benchmark spatial equilibrium model of frictionless mobility. Furthermore, the
model with limited mobility produces a lower cross-sectional variability of rental rates compared to
a model with frictionless mobility for the same level of the housing expenditure share. Therefore,
limited mobility may be an important component of a model aiming to match the variation in
rental rates given the observed housing expenditure share (Davis and Ortalo-Magne (2009)). Also,
a model with limited mobility creates positive autocorrelation in house prices, which is a desirable
property for models that try to explain regional house price dynamics (Gleaser, Gyourko, Morales,
and Nathanson (2012)). More generally, such a model may prove important for understanding
the nature and sources of house price volatility. Therefore, applying the model to explain the
behavior of regional housing markets and the link between regional housing markets and labor
market performance is an important topic for future research.

Additionally, allowing for both directed and random mobility in an estimable model and bring-
ing it to the data provides an important insight into the migration decisions of individuals since
existing models of regional reallocation assume either fully directed or fully random mobility. How-

ever, there are additional important determinants of migration decisions that the model has not
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considered, which may explain part of the random migration component. Most importantly, the
model is silent on the effects of differences in regional income on migration decisions. The esti-
mation was performed on a model with wage rigidity so there was no cross-sectional variability
in wages and variability in income per-capita came only through variability in unemployment.
However, even allowing for wage flexibility, the model in its current form would produce cross
sectional variations in unemployment, wages, and per-capita income with strong collinearity. The
reason for this is that unemployment and wages (and hence income per-capita) in a model with
a search and matching friction respond almost contemporaneously to cyclical labor market shocks
and as a result co-move together very strongly. On the other hand, relative income per-capita
has an asymmetric effect on gross migration flows (no effect on out-migration and strong effect on
in-migration), even after controlling for relative unemployment. Therefore, enriching the model by
allowing for differential growth rates in income across regions and shocks to income growth may
help in explaining this additional comovement as well as the broader time series and cross sectional

patterns in unemployment, house prices, and income per-capita.

Appendix A - Data Appendix

Data for panel regression

The data for the state panel regression results reported in Section 2 come from a number of sources:

1. Data on household state in- and out-migration rates I obtain from the IRS U.S. Population Migration
Database, which is available up to 2008. The data is based on the year-to-year address changes
of individual income tax returns. From that raw data, for each state the IRS computes the total
number of tax returns, which approximates the number of households, that have migrated into and
out of that state. From this data I compute state in- and out- migration rates for a given year as
the ratio of the number of movers into or out of the state to sum of the number of movers (into and
out of the state, respectively) and non-movers. Note that the period covered does not correspond
exactly to the calendar year as it covers moves from April of a given year to April of the next year.
However, I treat it as corresponding to the calendar year. The advantage of using the IRS data
for tracking state migration patterns as opposed to, for example the Current Population Survey
micro-data, is that it is continuously available from up to 2008, whereas CPS has a gap in 1995.
Furthermore, the CPS is a survey with a limited sample of individuals so computing state inflow
and outflow rates would introduce significant measurement error, which would be problematic for
having precise estimates. On the other hand, the IRS data is not completely representative since it
excludes the very poor and elderly. However, that should not create problems since the very poor
are not homeowners and the elderly do not generally migrate for employment reasons. Also, the

IRS data and looks at mobility of all households rather than mobility of individuals that are part
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of the labor force.

2. Data on fraction of homeowners with limited housing equity by state I obtain from the Interview
Survey of the Consumer Expenditure Survey (CE).54 The Interview Survey of the CE is a quarterly
survey of consumption patterns and expenditures of American consumers. The survey collects
data on household characteristics, income, and major expenditures. The sample design is a rotary
panel survey with data on each household available for 4 quarters. The survey includes questions
on ownership of real estate, including subjective property valuation as well as principal balance
outstanding on all mortgages and home equity credit lines that a specific property collateralizes.
The household characteristics include information on homeownership as well as state of residence,
although the state identifier is suppressed for several states. Data on households mortgage balance
outstanding, which is necessary for constructing estimates of a household’s housing equity, becomes
available from 1988. However, household state identifiers are only available from 1993. Using this
information for each unique homeowner in a given year I construct their housing equity F for their
primary residence as E = %, where D is the total balance outstanding on all mortgages and
home equity lines of credit that a property collateralizes and V is the value of the property. Note
that I remove homeowners with £ < —2, as those are homeowners that report either very low home
values or do not report home values. Together with the state identifier for that homeowner, I can
then construct an estimate for the fraction of homeowners housing in negative equity below a given
cutoff ¢ for each state for the given year. Multiplying by the homeownership rate for state s and
year t, I get the estimated fraction of households with limited housing equity, neg,,, that I use in
the reduced-form empirical analysis. I also use this data to construct estimates of average mortgage

debt-to-value ratio % by state and year.

3. Data on homeownership rates by state I obtain from the US Census Bureau’s Housing Vacancies

and Homeownership data.

4. Data on relative house prices I obtain by using the Freddie Mac House Price Index (FMHPI),
formerly known as the Conventional Mortgage House Price Index (CMHPI) as well as the 2000
U.S. Census data on single family median home values by states and at the national level. In

. . . . . . FMHPI
particular, the single family median house price in state s at time ¢, ps; = ps 2000 - WI;;W and
Sy

similarly for national house prices, p;. Relative house price in state s and time ¢ is them p;—i’t.

5. Data on relative unemployment rate is constructed using data from the BLS LAUS database.

6. Data on relative wage rates is constructed using the BLS CES database. I use the average hourly

manufacturing wage as it is the only wage series that spans my sample period 1993-2007.

54There are 5 states that are not included because of missing observations on households housing wealth
for all years between 1993 and 2008 -Mississippi, Montana, New Mexico, North Dakota, South Dakota,
and Wyoming.
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Table 11: Summary Statistics

Variable Observations Mean Std. Dev Min Max
out-migration rate (%) 625 3.494856  1.487469 1.851336  11.82
in-migration rate (%) 625 3.594642 1.647181 1.32 12.21448

households with 625 3.230758  2.072744 0 15.19286
equity < 0 (%)
households with 625 2.689981  1.88775 0 15.19286
equity < -.05
households with 625 5.5426  3.053796 0 21.94524
equity < .05
relative house price 625 1.081658 0.439113 0.472 3.489
relative unemployment rate 625 0.951554 0.201718 0.492412 1.77963
relative wage rate 606 0.996155 0.106483 0.743845 1.34703
relative income 625 1.000815 0.153285 0.753323 1.698292
ave. debt-to-value ratio (%) 625 39.57029 7.779075 15.35 65.06
home ownership rate (%) 625 67.99328  6.86025 35.7 81.3
state population (0-14) 625 1411806 1435166 82140 7847912
state population (15-24) 625 936434.6  926224.5 57388 5509994
state population (25-34) 625 950746.8  980325.7 68702 5650931
state population (35-44) 625 1038544 1020040 80850 5592337
state population (45-64) 625 1506485 1432922 109978 8906679
state population (65+) 625 835971.2  792239.2 30980 4056084
median age 625 35.57696 2.167582 26.7 42

7. Data on relative income is constructed using annual data on state level income from the BEA and

population data from the US Census.

8. Data on state demographics, including age distribution and median age come from the US Census.

The 6 age bins are 0-14 years, 15-24 years, 25-34 years, 35-44 years, 45-64 years and 65+ years.

Addressing misclassification of households

As mentioned in Section 2, there may be potential misclassification problems of households with limited
housing equity due to the use of subjective property value that would affect the estimates of negs (Fer-
reira, Gyourko, and Tracy (2010)). To address this, I compare my estimates of the fraction of households
in negative equity (cutoff ¢ = 0) by state with estimates from First American CoreLogic for 2009. The
CoreLogic estimates are based on much more precisely measured house price data and hence are prone to
much lower misclassification problems but are available for a much shorter time period (2008-2010) (see

CoreLogic (2009) for details). Comparing the two series reveals a very high cross-sectional correlation of
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Figure 3: Negative equity fractions from First American CoreLogic vs. CE Data
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Notes: State level estimates from 2009 of fraction of mortgage holders in negative equity from Consumer
Expenditure Survey versus First American CoreLogic. CE data is from own calculations. CoreLogic data

is from CoreLogic (2009). Regression coefficient is 1.13 and intercept is 13.4. Correlation coefficient is
p = 0.731.

p = 0.731. Hence, misclassification does not appear to be a problem for the state-level variation within
a given year. Figure 3 plots the two series and a linear regression line. This also highlights the high
comovement between the two series with any discrepancy likely due to classical measurement error. The

only difference is that the CEX estimates predict lower values for all states

Addressing measurement error in negg,

Since neg,, is an estimate of the true fraction, negs, it contains estimation error. This implies that the

relationship between negs; and neg,, can be represented by:

negy = negst + Vst (25)

where v4 is a random variable with mean zero and variance 012,, distributed i.i.d. over s and t and
independent of negs, Vs,t. Here, o2 is simply the sampling variance of neg,. Therefore, I estimate
o2 by using an estimate of the sampling variance of neg,;.>> More specifically, I construct estimates of
the sampling variance for each observation neg,,, using a bootstrap procedure on the equity data for

each state and year, and then take a weighted average of the observations to obtain 2. The weights I

®Note that using information on the signal-to-noise ratio in a variable (reliability ratio) is one way to
deal with errors-in-variables problems (Angrist and Krueger (1999)).
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use are proportional to the number of observations for a given state and year, since an equally weighted
average produces a sampling error estimate that is very high because of the large number of state-year
observations with few observations of households.

The two-step GMM procedure I use is the following:In the first step I “partial out” all variables whose
coefficients are not of particular interest (fixed effects and demographic variables). I then use the residuals
for the dependent variable, Y, and remaining regressors, X, in a GMM estimator with moment conditions
given by:

Elg(Zst, Ust, B, 20)] = B [ﬂstfst - (ifstf;t - 21/) ﬁ} =0 (26)

where Z4 and 8 are column vectors of length equal to the number of regressors and ¥, is a covariance
matrix for the measurement errors in the regressors, which in this case has only a single positive element
of ag, corresponding to the measurement error variance of the regressor neg,. It is important to note
that partialling out in the presence of fixed effects leads to time-demeaned residuals. This necessitates a
correction when computing consistent estimates of second order moments of the residuals. In particular,
following Woodbridge (2002), Chapter 17, for the case of an unbalanced panel, the correction will be

ZiTSJTI, where T is the number of observations in panel s. In the GMM estimation procedure, this

correction is used in the moment condition above to multiply the measurement error variance »,. To
see why this correction is needed, suppose that for the residuals, Zs and s, from the “partialling-out”

regression we have the relations E[Z42),] = F [nstn;t} + B |:l/5tl/;t}, where 7, are the latent regressors

and vy is the vector of measurement errors, and E[jgZs] = F [Ustﬁ;t} (. We have that the relationship
between these residuals and the time-demeaned residuals, Z¢ and g, is E[Zgil,] = E [Ty — 1] E[Zai,] =
(T, — 1] (B [nany] + B [vaviy] ) and Eljuia] = BT~ 11F [nonl] 5. Substituting for F [nen,]
from the first relation into the second, we obtain that E[jsZs] = (E[f:st:f:;t] — E[Ts — 1] ZV> B. Note

that this correction is unnecessary when there is no errors-in-variables problem.

Data for the Beveridge curve regressions

I use the Conference Board Help Wanted Index and data from the BLS including the national unem-
ployment rate (derived from the CPS), state and MSA unemployment rates and employment and labor
force levels (derived from the Local Area Unemployment Statistics database), and the national vacancy
rate (derived from JOLTS). Additionally I take the state unemployment dispersion data for the period
1960-1975 from Abraham (1987).

The Conference Board Help Wanted Index is the source for data on job vacancies prior to the intro-
duction of JOLTS in December 2000. It tracks the number of help wanted advertisings in the newspapers
of 51 cities, which are then aggregated into 9 Census Divisions and 1 National Index. There are several
well known problems with using the HWI as a proxy for vacancies particularly for looking at shifts in the
Beveridge curve. Most recently, there has been a downward secular trend in the HWI, which has been
attributed to the more extensive use of online job advertising. To remedy this I construct a synthetic

vacancy rate by regressing monthly vacancy data from JOLTS for the period December 2000 to December
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2003 on data from the HWI and a constant, this is a period where the two series track each other well.
I then use these coefficient estimates to construct a synthetic vacancy rate for the entire sample period,
taking annual averages to get annual data for the period 1960 to 2000. For years 2001 to 2010 I use the
JOLTS vacancy data. This approach, however, may be unsatisfactory since it does not take care of trends
in the HWTI in earlier years unrelated to the labor market Abraham (1987)), which get transferred directly
to the synthetic vacancy index. To address this, I include a cubic trend in all regressions, which should

account for these additional secular trends.

Table 12: State panel regressions.

Dep. Variable: out-migration rate, 100 In(out) in-migration rate, 100 In(in)

relative unemployment  0.161***  0.159***  (0.165*** -0.222%** _(.222%** _(.222%**

100 in(4=) (0.041) (0.040) (0.041) (0.036) (0.036) (0.036)
relative house price 0.257*F%*  0.257*F**  (0.252%** (0. 178%** _0.180*** -0.178***
100 ln(%) (0.073) (0.074) (0.073) (0.044) (0.044) (0.045)
households with -0.273** 0.049
equity < 0, (%) (0.126) (0.185)
households with -0.237* 0.136
equity < —0.05, (%) (0.118) (0.208)
households with -0.309** 0.035
equity < 0.05, (%) (0.126) (0.134)
N 606 606 606 606 606 606
Notes: Robust standard errors with clustering on state in parenthesis; * = significant at 10%; ** =

significant at 5%; *** = significant at 1%. Source: Own calculations from BLS, IRS, CE, FMHPI, and
US Census Bureau. See Data Appendix for detailed description.

For the national unemployment rate data, I take annual averages of the monthly seasonally adjusted
series. Similarly to the HWI there may be a secular trend in the unemployment rate because of compo-
sitional changes with the aging of the baby boomer generation (Shimer (1999)). Again a cubic trend in
the Beveridge curve regression would account for such a trend as well.

Following Abraham (1987) and Lilien (1982), I construct employment-weighted state unemployment

rate dispersion according to the formula: 67 = \/ Z?:l ecf—tt(x” — x4)%, where e;; is employment in state
at time ¢, e; is national employment at time ¢, x;; is the realization in state ¢ at time ¢ and z; is weighted
average of state realizations weighted by employment weights. For the unemployment dispersion I use
annual averages of monthly seasonally adjusted state unemployment rates as well as annual averages of

seasonally adjusted monthly state employment levels. Finally, I construct MSA unemployment dispersion

according to: f = \/2?11 %t(:tu — x¢)? where e; ¢ is labor force in MSA 7 at time ¢, e; is national labor
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Table 13: Beveridge curve regressions with vacancy rate as dependent variable (a) and unemploy-
ment rate as dependent variable (b)

(a)
Dep. Variable: vacancy rate
v In(v)
unemployment rate — -0.447F%%  -0.498***  _0.965%**
(u) (0.0510)  (0.0380)  (0.170)
MSA Unemployment 0.533** 0.528%* 0.0941
Dispersion (0.235) (0.189) (0.0623)
u? 0.0371%*
(0.0132)
In(u) -0.933%#*
(0.0664)
R? 0.970 0.977 0.988 0.983
(b)
Dep. Variable: unemployment rate
u In(u)
vacancy rate -2.036%**  _1.841%F%  _3.495%*
(v) (0.165)  (0.0944)  (1.201)
MSA Unemployment 1.287* 0.954 0.135*
Dispersion (0.669) (0.643)  (0.0680)
v? 0.250
(0.173)
In(v) -1.001%%*
(0.0763)
R? 0.970 0.982 0.984 0.983

Notes: Own calculations from BLS and Conference Board. Annual data from 1990-2010. Newey-West
robust standard errors in parenthesis; * = significant at 10%; ** = significant at 5%; *** = significant at
1%. All regressions include a cubic time trend. v is national vacancy rate and u is national unemployment

. . . . ~ €; .
rate. Dispersion measure for variable z is defined as 6 = \/ Yoy ;—t’(as” — x¢)? where e;; is labor force

(employment) in MSA (sector) 4 at time ¢, e; is national labor force (employment) at time ¢, x;; is the
realization in MSA /sector i at time ¢ and z; is weighted average of MSA (sector) realizations weighted
by labor force (employment) weights.
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force at time ¢, ;; is the realization in MSA 7 at time ¢ and z; is weighted average of MSA realizations

weighted by labor force weights.

Appendix B - Proofs and auxiliary results

This part of the appendix contains proofs of all results not contained in the body of the paper.

Law of motion for 7; and v,:

The laws of motion for the distributions 7, and v, V41 = E (W4, 1), vy = E (U4, 14) are given by,

Vi1 (lo, 1) = Z (U, 1) (lo, 1) = /P -1 {107 =1y (@,lo, l1,—1)} dvi (lo, 11,—1) +
~|—/(1 —p)-1 {lo, =1 (a,lo,—1, 11,71)} dvy (lo, l1,-1)

and similarly,
e (10,10) = E ) Uos1y) = [ o+ {losly =15 o b) by (o la0) +

+ [0 {loti =1 @l b0 i o, 110)

Definition of stationary recursive equilibrium:

Definition 5. A symmetric stationary recursive equilibrium for the economy described above consists of
market tightness 0 (a), wages w(a), worker value function V1 (X), migration value V, migration threshold
€(X), regional house prices p (X), regional rental rates r (x), laws of motion, I', for X , and distributions
(7*, v*) such that:

1. 0 (a) satisfies (2) given w(a);

2. w(a) satisfies (3) ;

3. V1(X) satisfies (7) given 0 (a), 7(X), V, and T};
4. V satisfies (6) given V1 (X);

5. €(X) satisfies (12) given V and V!(X);

6. p(X) satisfies (4) given I';
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7. r(X) satisfies (11) given T
8. I' and satisfies 14 and law of motions for a given €(X);
9. (7*,v*) are a fixed point of (27) and (28).
10. [} (@) dv* + [1; (a,11) dv* + 1o = L (population constancy).

11. (lp+ 1 (X)) h = H (rental market clearing)

Equilibrium characterization:

I make the following technical assumption:
Assumption: 3B > 0s.t. ¢(X)>0,VX ,VB > B.

This assumption means that I consider economies, in which there is gross out-migration out of any

region.

Lemma 6. Suppose that l/1 (a,1) is a continuous function of l for a € {a,a}.Then V*(a,l) is a bounded
continuous function of | for a € {a,a}. Conversely, suppose that V'(a,l) is a continuous function of | for

a € {a,a}. Then l\(a,l) is a continuous function of | for a € {a,a}.

Proof. Let us define the operator

T [v(a,l)] max {max {v(h) —r(a,l)-h}+e+ p((f(a)) (w(a)—e)+

ERCC20) W
F, (z (a’, l)) v+ (1 o (z (a’, z))) v (a’, z’) ) (z (a’, z)) c+ /E(a,’l,) edF. }
) is a continuous function of I’ by assumptions

with ' = [} (a,1) and a given V. Note that r(A,1) = v/ <ZOIJ{FZ,

on v'() and I} (A,1) is also a continuous function of I. Both are also clearly bounded. Hence T' maps

+6Eq

bounded continuous functions into bounded continuous functions. Furthermore, T satisfies Blackwell’s
sufficient conditions for a contraction. Hence, by the Contraction Mapping Theorem (Stokey and Lucas
(1989)), T has a unique fixed point in the space of bounded continuous functions. Hence, V1(a,l), is a
bounded continuous function.

Suppose now that V!(a,l) is continuous in I. Given this it follows immediately that 7(A,[) must be
continuous in [ and since r = r(A,[l) =’ (ﬁ) is continuous in I, it follows that l/1 must be continuous
in [.

O
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As mentioned in Section 4.3, I focus on equilibria, in which both V' (a,1) and I (a,1) are continuous.
Given continuity of V! (a,l;) and the compactness of the domain of X it follows immediately that the set

arg max, {V(x)} is nonempty. I then have the following result.
Lemma 7. V(a,l) is a non-increasing function of I, and ll1 (a,l) is a non-decreasing function of [.

Proof. The basic idea behind showing this result is showing that, if V! (a,1) is a non-increasing function
of [, then lll (a,l) is a non-decreasing function of [ and vice versa, and then showing that it is impossible for
lll to be strictly decreasing in [ if V'!(a,[) is strictly increasing in [, i.e. the only property that is mutually
consistent and hence possible in equilibrium is for V!(a,l) to be a non-increasing function of / and l/1 to
be a non-decreasing function of [. I proceed to show this in three steps.

Step 1: I show that if [j(a,l) is a non-decreasing function of I then V' (a,l), a € {a,a} is a non-

increasing function of [. Define again the operator
T [v(a,l)] = max {v(h) —7r(a,l)-h} +e+ p((0(a)) (w(a) —e) + BE, [w (al, l/)}

where

w(a,l) = max {Fe @OV+A—-F.(e)v(a,l)—F.(€)c1 + /edFE}
We have that I’ is non-decreasing in [ and hence —r (a,!) is non-decreasing in [. Furthermore, for I < lo:

w(a,l1) —wl(a,ly) =

=(1-F.(e(a,l1)))v(a,l1) + /( edF. + Fc(e(a, 1)) (V —c1) —

€ aall)

(l,lg)

— (1= Fe(€(a,l2)))v(a,la) + /( " edF. + F (€(a,l2)) (V —c1)

> (1 - Fe(e(a,l2))) (v(a,lh) — v (a,l2))

where the inequality comes from the fact that a different cutoff from the optimal, €(a,l;), is used. Hence,
if v (a,l) is non-increasing in [ then so is w(a,l). Therefore, w (a/,l/) is non-increasing in [. Then it
follows that T' [V (a,l)] is non-increasing in [. Hence, T" maps non-increasing functions to non-increasing
functions. Therefore, its fixed point, V! (a,l), is non-increasing in I.

Step 2: I show that if V! (a,l), a € {a,a} is a non-increasing function of I then I;(a,!) is a non-
decreasing function of I. Suppose that V(a,l) is non-increasing in [ but 3lj,ls with Iy < [y s.t. l/l =
Iy (a,11) > I (a,ls) = ;. Then

0<Via, 1) — Via,ls) = —r(a, 1) + r(a, l2) + BEq [Wl (a’,z’l) —wt (a’,z;)} <0
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since —r(A, 1) 4+ r(A,ly) < 0 given that [} > I, and E, [Wl (a’,lll) —-wt (a’,lé)} < 0 since V1(a,l) is
non-increasing in ! and l/1 > l/2. Hence, we have a contradiction, which is due to the assumption that
3y, 1y with Iy < Iy s.t. 1y = 1(a, 1) > 1y (a,lz) = Iy

Step 3: I show that if V!(a,l) is strictly increasing in I then [} is increasing in I. Let I; < .
Then V (a,l1) < V (a,l2), a € {a,a} and so €(a,ly) > €(a,ly). Hence, [} (a,l;) = (1 — F (€(a,11))) 11 +
U (a,ly) and [} (a,lo) = (1—F(€(a,lz)))ls + ¥ (a,ly). Now, observe that W (a,l;) < W (a,ly) and
(1-F(e(a,l))ly < (1 — F((a,ly)))lo, which implies that I} (a,1;) < [} (a, l2).

Steps 1 and 2 show that it is mutually consistent for V! and l’1 to be non-increasing and non-decreasing
in 1, respectively. However, Step 3 shows that it is not mutually consistent for V! and l’1 to be strictly
increasing and strictly decreasing in I, respectively. Hence, in any equilibrium V! and l’1 are non-increasing

and non-decreasing, respectively.

]
Next, I define:
; sup; {l (a,l) € argmaxz{v1 (a,[)}} , {l (a,l) € argmaxz{vl (a, l~>}} # 0 (20)
0 , 0.0,
and also l,;, implicitly by:
with
M= /q (@ lot—1,l10-1) l14—1dV" + /CI (a,lot—1,l10-1) L1 g—1dr” (31)
the average out-migration from regions in the economy, and similarly
. . BETa! 7 ) Syt 7
- sup; {l : (a,1) € argmax; {V (a, l>}} ) {l : (a,1) € arg max; {V <a, l)}} # QO (32)
0 ,0..
and [, ;,, defined similarly to Lmin. Note that I, and Lin are unique.56 Therefore, regions with

populations of mobile workers above [ and [ can only attract workers that migrate in a non-directed way.
Consider the case of a-regions (the case of a-regions is analogous). We have that net migration into regions
with I > 1 is given by

n(a,l)=—q(a,l)- 1+ (1=X -M (33)

There are two possibilities for n (a,Z) depending on parameters. In the first case, n (a,i) < 0 and so
1 > lmin. In the second, n (a,Z) > 0 and [ < Li,. For the first case, it follows that @-regions with { > 1

must lose population in equilibrium, i.e. l'1 (a,1) < 1, for | > [, which means that the function l/1 (@,l) has

56These bounds always exist, given that [y < L.
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a fixed point, which is unique whenever there are potential house price differences across regions, that is
when v(.) is strictly concave. In the second case [} (@,!) also has a unique fixed point given by lnin. I

summarize these observations in the following result:

Lemma 8. There exist [ and I* such that [} (a, Z*) =1 and I} (a,1*) = I*. They are unique if v(.) is
strictly concave. Furthermore, 1y (a@,1) is constant for | € [0,1] and I, (a,1) is constant for | € [0,1] with
(@) =1" and I} (a,1) = I*.

Proof. 1 show this for a = @ since the other case is analogous. Consider first the case of n (a,i) < 0.
Note that if {l :(a,l) € argmaxi{v1 (a, Z)}} £ @, then [ € {l (@, l) e argmaxi{Vl (a, i)}} since
V! (a,l) is continuous in [. Hence, {l : (a,l) € arg maXZ{V1 (a,l~ } is a compact set. Now, [} is contin-
wous. Hence, by Brouwer’s fixed point theorem, there exists a [ such that l'l(a, Z*) =" and <1 If
{l : (@) € arg max; {Vl (a, f) }} = () then [ = 0, and by the definition of Ly, for I = lyin, l/1 (a, i*) =7
. Noting that for I > 1, I (a,1) < I, it follows that no fixed point of /(@,1) can be greater than I.

It is straightforward to show that for v (.) strictly concave, I}(a,l) is constant for I € [0,1] by using
Lemma 7 and proceeding by contradiction. In particular, suppose that l,1 (@,ly) > l,1 (@,l2) for some Iy,lo,
such that [ > I; > lo. However, this implies that V! (a,l;) < V! (@,l2) and so I; > [. This also implies
that the fixed point has to be unique.

Consider the case of n (a,Z) > 0. [} is continuous and the set of populations [O,ﬂ is compact, so
lll has a fixed point. One such fixed point is = Imin, which is unique in the set U,ﬂ Given that
n (a,Z) > 0 and the constancy of lll for I <1, it follows that lll does not have a fixed point in the set [O,Z]

and so the fixed point is unique.

O]
Lemma 8 describes how W (a,l) looks like in equilibrium. In particular, it follows that
I l@—l+q@l)-1 ,1<I (34)
(I1=XN)-M , 0.W.
where M = [q(@,log—1,01,0-1) lie—1dv* + [q(a,lot—1,114-1) L1 4—1dv* with
l@=(1-q(@))l+1-\ M (35)

and similarly for ¥(a,l). Note also that [ (@) =1 if n (a,1) < 0. Lastly, I compare mobile workers’ value

function for regions with the same populations but different productivities, a:
Lemma 9. V! (@,l) > V! (a,l) VI

Proof. Suppose that V! (a,1) > V!(a,l) for some l. Hence, (a,l) ¢ argmax{V!(a,l)} and hence by
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equation Equation 14, [}(a,1) < [;(a,1). Then,

Vi@ ) = Vial) = —r(@l)+d(al) +p@ (@) (w@)—e) -
~p(0(a) (w(a) —e) + BE[W' (d V)| @ )] - BE[W' (d, V)] (a,])]

However, given that [;(a,l) < l;(a,l), it follows that W' (a, l;(&,l)) > Wi (a,lll(g, l)) for a € {a,a}

from Lemma 7. Now, if W! (a,li(a,l)) > Wt (g, li(a,l)) or W1 (6, l;(@l)) > Wt (Q, l;@,l)), then
BE (W (a,I')|(@,1)] — BE [W(d/,1")| (a,1)] > 0 and we have a contradiction. Hence,

Wi (a, z’(a,Z)) < Wl <g, [ (@, 1))

and W1 (a, I\ (a, l)) < wt (g, l;@,l)). If Wi ( ) ( (a l)) then, again we will ar-
rive at a contradiction. Hence, W! (E,l;(d,l)) < Wt ( I\ (a, l)), which implies that V! (a I\ (a, l))
Vi (Q»H(QJ))-
=0 -1 1, 50y 2 | .. 0 1 ’ 0 9 ’ 1
Now, define, I =1, I" = {1(a,l"), I" =1 (a,l"), etc. and similarly I =1, " =1 (a,l”), I* =1 (a,1"),

"l‘

l

is either decreasing and bounded below by 1" and I*, respectively, or increasing and bounded above by

etc. Hence, by induction we can show that V' (E, ) <V (g, f) fori=1,2,.... Now, clearly each sequence

1" and I*, respectively. Hence, by continuity of V! (a,l) and from Lemma 8 it follows that the sequences
converge to the unique fixed points of l/1 (@,l) and l;(a, 0), " and [*, respectively and by continuity of V?
then V1 (E, Z*) < V1 (a,l*), which is only possible if the set {l :(a,l) € arg maxi{Vl (a, l~) }} is empty,

in which case I" = lnin and 50 V! (@, lyin) < V' (a,1). However, note that
V(@ Inin) = max {v (h) =7 (@ Lmin) - h} + e+ (1(0 (@) (w (@) — e) + BE [W (a,0) [a] >
> max {v(h) = r (@ lmin) -h} + e+ (10 @)) (w(@ —e)+
B (Vl (@, lnin) + Fe (€ (a,1)) - €(a,1) + ) edF€> =
max {v (h) =7 (@ Lnin) - b} + e + (1 (0 (@) (w (@) — ) +

5 (g (0 ) = 1 (@) 1) + ¢+ (0 @) (@)~ )+

+BE [W! (d,0) [a] + F. (€(a,1)) -e(a,l)+/ edFe) > .. >
#al)
> p <max{v — 1 (@, Dmin) - h} + e+ (10 (@) (w (@) — e))

7=0
J F.(e(a,l)) -€(a,l edF,
+;B( (€ a.0)) e >+/€(a,0 )
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Similarly, one can show that

Vi (a,0) = max o (h) = 7 (@,]) - b} + e+ (4 (0 () (w (@) — ) + BE [W* (a,1) la] <
< max (v (h) =7 (a,0) - b} + e+ (1 (0/@))) (w (@) — €) +

+ﬁ-oﬂﬁzU+F((a0yemJy+/ ma>=
(a)

max {v (h) =7 (a,1) - h} +e+ (n(0(4))) (w(d) —e)+

+6 (mgx {v(h) =r(a,l)-h} +e+ (u(b(a))) (w(a) —e)+

+B8E [Wl (a/,l) |Q] + F.(€(a,l)) - €(a,l) + /( ) edF€> <. <L

<0 (o (00 = 7 (@)1} 4 e+ (0 @) (w () - )
I F.(€(a,1)) -€(a,l edF,
30 ( f@) e+ [ )
Hence, V! (a,1) > V1 (E, me) implies that
> (g ()~ (@) 1) + 4 (4O @) (0 0) — ) ) >
>Zme@ r (a, WJH+Hmw@mmwﬁ0

Observing that l,,, = q((lc:;‘)M) < (1q_(:‘)l§w = [, we arrive at a contradiction since r (a,l) > r (@, 0).

Proof of Lemma 1

Results 1 through 3 follow directly from the implication of Lemmas 7, 8, and 9 for the law of motion for
lll. To show result 4, Lemma 8 implies that regions with productivity @ move to a population of mobile
workers of [ (@) and then move deterministically through a countably infinite set £. Furthermore, Lemma
9 implies that regions with " that experience a sequence of negative productivity shocks always move
deterministically through a set £ of population levels, which is countably infinite in the case equilibria
with I* = L.,

or finite in the case of equilibria with [* > [ since out-migration rates are always

min
bounded below by F (e (@,[)) > 0 (the natural out-migration rate from regions X € arg max g {Vl(X)})
Since regions with populations [ ¢ £U L move to [ (@) with probability 1 but conditional on being in [ (a)

they never move to population states outside £ U L, it follows that all states [ ¢ £ U L are transient, i.e.

95



the ergodic set of the process governing regional evolutions is given by £ U £. Therefore, the stationary

distribution of populations across regions v* and 7* are given by the set £LU L.

Proof of Proposition 2

We have thaiout (a,l) = q%gé();l and similarly in (a,l) = q;ial(f)
implies that V — V! (@,l) <V — V! (a,l), VI and hence, € (@, 1)

out (a,l) < out (a,l). This inequality is of course strict for [ =€

. To show Result 1, first of all, Lemma 9
€ (a,l), which immediately implies that
1, Z*] Similarly, from (34) it follows that

a,l) is increasing in [ and strictly so for

IN

in(a,l) > in(a,l). To show Result 2, Lemma 7 implies that ¢

a = a, which immediately implies that out(a,!) is increasing in [. Turning to in (a,l), note that ¥ (a,l) is
Y(a,)

decreasing in [ and hence so will .
l+lg

Proof of Proposition 3
We have that p(a,l) = r(a,l) + - Eu[p (a’,lll (a,l))]. First of all note that r (a,l) = v’ <Z+I,H(Al)) is
0Ty 5

continuous in [ by the continuity of I} (a,l) and v’ (.). Furthermore, it is bounded and increasing in (a, 1)
since [} (a, 1) is increasing in (a,!) by Lemma 7 and equation (34) and v’ () is decreasing. Now, clearly the
operator T'[f (a,l)] = v (a,l)+ B - E, [f (a’, I\ (a, l))} maps bounded continuous functions into bounded
continuous functions and, furthermore, satisfies Blackwell’s sufficient conditions for a contraction.. Hence,
by the Contraction Mapping Theorem, T has a unique fixed point in the space of bounded continuous
functions. Therefore, since 7 (a,1) and I, (a,1) are increasing in (a,!) it follows that T maps increasing
functions into increasing functions and therefore its unique fixed point is increasing.

To show the second part of the proposition, first of all, note that p (a,f) =p (E, f) and p (a,l*) =
p(a,l*). Furthermore, p (a,l) =p (g, lll_1 (a, l)) forl € (F,f) given equation (34) and the inverse lll_1 is
well-defined. Furthermore, given that I, (a,l) is increasing in it follows that l;_l (a,l) is increasing in [

as well. Hence, by the properties of p it follows that p (g, l/l_1 (a, l)) is increasing in [ for [ € (;*,Z*) and

hence so is p (a,l). Now, noting that p (6, Z*> >plad)l < ", it follows that p (a,l) is increasing in [ for
I € [;z}

Appendix C - Computational

Model for calibration

In this section I provide a description of the differences between the model used for estimation in Section

5 and the basic model from Section 3. I only include model assumptions that differ across the two models.
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Regional labor markets

As before, I consider a discrete time economy with infinite number of periods ¢t =0, 1,2, .... The economy
consists of a unit measure of islands or regions. The economy is populated by a measure L of infinitely
lived workers, residing in different regions who are risk neutral and derive utility from consumption as
well as from housing services. Workers can supply 1 unit of labor and have a separable flow utility over
consumption and housing services.

In each region there is a representative firm that can open job vacancies at a per-period cost of k£ and
recruit workers. Each job in region j has the capacity for the production of a{ units of the consumption
good at time ¢t if it can hire a worker. Regional productivity a{ has bounded support over [a,a]and follows
a persistent stochastic process with persistence parameter p. In particular,

J
at_l I p

J _
a/t_ .
max{g,min{a,A—i—ng}} , 1—0p

where 7/ is distributed i.i.d. with distribution function F,, and with E [n] = 0.

The labor market of each region is characterized by a search and matching friction as in the standard
Diamond-Mortensen-Pissarides framework (Pissarides (2000)). In particular, in a region j at time ¢,
after migration, a measure ui of workers and measure vz of vacancies try to match with each other.

Matching is described by a standard regional reduced-form constant returns to scale (CRS) matching

function m/ (ug U

/ ) with standard properties giving the total number of regional matches per period.

I assume that matching functions are identical across regions, i.e. m/ (u{,vj ) =m (u{,vj ) = ul -

m (1, Z—g) Letting 9{ = % be the regional labor market tightness and defining p(6) = m(1,6), we have

t

that m (ug, vj> = ug 7 <0§ > This translates into a job finding probability for a worker in a given period

4 j j

of u <0§> and a job filling probability for a vacancy of M(e%)' Additionally, I assume that limg_,q %95) =1
97

and limg_,oo u(ejt> = 0. Workers that are matched obtain wage w remain unmatched after the matching
t

phase in a given period receive a period payoff of e.

Job creation decisions

Let J (a) be the value from posting a vacant job in a region with productivity a. Then

_ oy (@) ~ w(0(a)) . o
J(a) = —k + o) K()+<1 b >5(1 JE [J ()] (37)
Similarly, let K (a) be the value from a matched job. Then

K(a)=a-w+p(l-s) E[K (d)] (38)

where w is the wage rate paid. The firm is owned by the agents in the economy and discounts payoffs at
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the discount rate of workers 8. The firm opens vacant jobs until the cost of opening a vacancy equals the

expected payoff from a filled vacancy, or:

J(a) = 0= —k+ 20@) g )

or

Then, substituting in for K(a), we get that 6(a) satisfies the equation:

f(a) a—w . 6(a’)
wo@y ~ & U )E[me(a'))] (39)

Regional housing market and migration decisions

The set-up for regional housing markets and worker migration decisions are identical as with the basic
model with the only difference that only unemployed workers experience idiosyncratic region preference

shocks. The migration decisions of employed workers were extensively described in Section 5.

Regional state variables

In contrast to the one-period job model, in this model each region j will be fully characterized by its
current period productivity a{ plus the beginning-of-period measure of workers with different mobility
costs lfmil, h € {0,1}, and the beginning-of-period measure of unemployed workers, ui’til, h € {0,1}.
The four variables X = (a{ , lg,t—p l{,t—l? u{}t_l) are relevant for the worker’s problem, while uat_l is only
relevant for determining regional and aggregate unemployment. Also, I denote by &iL , the post-migration
measure of unemployed workers in region j, while lNiLt is the end-of-period labor force in region j. The

invariant distribution over regional characteristics X is denoted by v*.

Worker value functions

I define V[} (X) to be the value function of an unemployed worker with low mobility costs. Similarly an
employed worker’s value function is given byVE1 (X). I do not show the value function of workers with

high mobility costs as those are analogous. Then, letting

Vo = \- mgx{V(}(:%)} . )\)/V(} (X) dv* (40)

be the migration value of unemployed and employed, respectively, we have that:
V() = 1 (8(0) V() + (1 = 0 (0(a) (g o) = - (X)) 4 ¢4 55, (W3 (X)] ) (2

o8



and

Vi (X) = ml?x{v (W) —r(X)h}+w+ B Eu [(1— ) W(X') +s- W (X')] (43)
where
Wh(X) = rg(l%( {F EXNVu+ 1 -F(X) Vi (X)-F(E(X))er + /(X) edFe} (44)
and
W (X)=oVE+(1-¢) Vi (X) (45)

The particular form for the migration value of an employed worker, (41), arises from the assumption
that there is no net-migration of employed workers so the probability that an employed worker moves to a
given region equals the fraction of employed workers is proportional to the measure of employed workers

that move out of that region, which gives the probability weights multiplying V3 (X).

Wage determination

I allow for wages to be rigid as in Hall (2005). Rather than through Nash bargaining, the wage rate in each
region is fixed at w. However, w lies within the bargaining set of a worker-job match. In particular, at
the bargaining stage, in region j, the outside option of a worker is V[}C (X) =e+maxp{v(h) —r(X)h}+
BE, [W?} (l’,)], where x € {0, 1} is the worker’s mobility cost type. Hence, the minimum wage a worker

would accept, wX(X), leaves him indifferent between employment and unemployment, i.e. it solves:

VXX, w¥) = V(X) (46)
WX(X) = e+ BE[WX (X')] - 8 {(1 _OE[W (X)) + sB [W (X’)]] (47)

which implies that
WX(X) = e+ (1 5)8 [E W (x7)] - B [W) (X/)]] (48)

Similarly, the maximum wage a firm would accept, w(a), leaves it indifferent between employing the

worker and keeping the job vacant, i.e. it solves:

K(a,w) =0 (49)
w(a) =a+B(1—s) E[K(d)] (50)
Using (39), we get that:
=a — s 0(a’)
w(a) =a+kB(1—s)E [ (H(a’))} (51)



Given the properties of u (6) it follows that w(a) > w(a) = a+ kB(1 — s)E [%} . Therefore,

we [max (w3}, w0 (52

Note that with wages determined via Nash bargaining wages will be different across regions and across

workers with different mobility costs, and the wage rate will be a weighted average of the two boundaries.

Laws of motion for regional unemployment and labor force

We have the following laws of motion:

Uy, (Xe) = (1 — q(Xp)) ure + @ (Xy) (53)

Zl,t (Xe)=lig— ol —ure) + o (lie —uig) — q(Xe)urs + @ (Xy) (54)

The laws of motion for workers with high migration costs are trivial since these workers do not move across
regions. I describe ® (X) below. The laws of motion for the invariant distribution v* follow directly from
(53) and (54) as well as the law of motion for labor productivity (36). Additionally, we have a population

constancy condition:

/ le (Xy) dv* + / lodv* = / it — q(Xp)ur g1 + @ (X)) dv* + / lodv* = L (55)

Similarly to the basic model with one-period long jobs, the in-migration function for unemployed workers

will have the form:

l~a,l,u —L4+q(X)u , L <Il(aly,u
B(X) = (a,lo,u1) =l + q(X) 1 < l(a,lo,u1)
1

(1-=X)-M , 0.W.

where

M:/q(X)uldy*, (57)

ZN(a,lo,ul) =1(a,lp,u1) —q (a, lo,Z,ul) up + (1 = X\) M, and

(alo,uy) = sup; {1 : (a,lol,u1) € argmax, {V' (2)}} , {1 (a,lol,u1) € argmax, {V' (2)}} # 0

0 ,0.W.
(58)
and also that there is a unique fixed point I (a,lo,u1) that equals [ (a, lp, uy) if the net migration function

n (a, lo, 1, ul) < 0 and Uy (a,lg, u1) otherwise, where lpin (a,lo, u1) solves:

lmin - Q(aa lOu lmin’ ul)ul + (1 - >\) M = lmzn (59)
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Computational Algorithms

Here I describes the algorithms used for simulating the stationary equilibrium of the quantitative model.

After that I describe the estimation algorithm.

Solving for steady state equilibrium

For a given parameter vector 6, I follow the following algorithm to solve for the steady state equilibrium:

d.

Construct a grid G for a,lg,l1,u9 and uq;

Make an initial guess for all endogenous objects over G,
o = [Vilo (), Vibo () Viso, Viso Moy Ly ()26

Generate U;, i > 0 using W;_y. For the value functions V;} () and V} () this entails using all
members of ¥;_; to compute V(}’i (.) and V]_%ﬂ- (.) according to equations (42) and (43). For Vi7; and
‘_/Eﬂ- I use ¥;_1 in equations (40) and (41). For M;, I use equation (57). For v}, I use ¥;_; and
the law of motion for a to simulate vectors of a,ly,l1,ug and u; for B regions over Ty + 17 time
periods, but only use the last T} time periods. Lastly, for llu (), T use V(},i_l (.) to determine the
best regions, i.e. states x, for which x € X = argmax; {Vl}%l(:i)} For z € X I increase I, (x) by
a factor 1" (U, 1), whereas for x ¢ X, I decrease by a factor 19 (¥;_) if it’s greater than 0 or

keep it at 0 otherwise.

Check population constancy condition. If |L; — L| > ¢ > 0, adjust 1" (¥;) and 1% (¥;) depending

on the sign of the deviation.

Check if ||¥; — U;_1]| < €. If not, repeat steps 3. and 4.

The speed of convergence depends on the vector € because of the adjustment in l/1 which may be fast and

stable or slower and exhibiting some cycles depending on 6. Experimentation shows that around 1000

iterations are sufficient for convergence.

Indirect inference estimation algorithm

I nest the algorithm for solving the equilibrium of the model into the indirect inference estimation algo-

rithm:

1.

2.

Choose an initial value of 8, 6y and set objective to oo;

Solve for equilibrium of model given 6; according to the algorithm above;
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3. Create S = 50 data sets with 45 regions over 293 time periods (months) keeping the last 193
(16 years + 1 month). For each data set estimate migration regressions by OLS as well as for
auto-correlation of annual state unemployment rate. Additionally compute aggregate averages for

unemployment, unemployment dispersion, migration and net migration rates to form m? (6;);

4. Compute (m — 3 25:1 m! (01)) W (m - %Zil m' (91)> and update 0,11 based on 6; and the

value for the objective obtained;

5. Repeat steps 2 through 4 as many times as possible.

For the discretized grid I use a grid with 6 grid points for productivity a, 2 grid points for measure of
immobile workers, [y, 81 grid points for /1, and 9 grid points for u;. For the minimization of the objective
I use a simulated annealing algorithm. I start with a number of initial guesses 6y to ensure that the global

minimum is attained.
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