Migration and Urban Economic Dynamics®

Morris A. Davis Jonas D.M. Fisher
Rutgers University Federal Reserve Bank of Chicago
morris.a.davis@rutgers.edu jfisher@frbchi.org

Marcelo Veracierto
Federal Reserve Bank of Chicago
mveracierto@frbchi.org

June 18, 2020

Abstract

We document that within cities gross migration is linearly related to net migration,
there is vast heterogeneity in gross migration and productivity across cities, and gross
migration is diminishing in city size. We build a parsimonious general equilibrium
model of migration that accounts for these observations and use it to study the role of
migration in urban economic dynamics. Because of the linearity in migration, compet-
itive equilibrium urban dynamics can be found by solving the planning problem of a
representative city with quadratic adjustment costs in population that depend on the
migration slope. For plausible adjustment costs we find: (1) population, gross migra-
tion, employment, and wage dynamics after productivity shocks are close to those we
estimate, and (2) slowly growing productivity and costly migration account for much
of the persistent urban decline we observe.
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1. Introduction

Even with a secular trend toward lower rates of internal migration millions of American
residents continue to migrate between cities every year. Net migration is the primary source
of population changes in urban areas.! Therefore, any questions about the growth and decline
of cities require an understanding of migration. How do cities respond to productivity
changes or changes in taxes and amenities? What is the long term impact on cities of
the secular decline of industries or firms’ location decisions? We develop a parsimonious
quantitative general equilibrium model of migration that can be used to address these and
other questions in which the costs of migration are part of the answer. Then we use the
model to investigate urban economic dynamics in response to productivity shocks.

We characterize urban gross and net migration in a panel of 381 US cities over the period
1985-2013. Our analysis uncovers a striking relationship between gross and net migration:
within cities the rate of in-migration (and therefore also out-migration) is linear in the net
migration rate with a common slope. This common linearity within cities exists alongside
vast heterogeneity in population, gross migration, and productivity across cities. We also
find that larger cities tend to have lower gross migration rates. A credible model of urban
migration should be consistent with these basic facts.

Cities in our model are combinations of permanent attractiveness, for example due to
geography and weather, productivity, and worker attachment. For parsimony we model
worker attachment to a city as a reduced form, but our approach encapsulates forces that
are intuitive. The idiosyncratic attachment of a person to a city should be related to its
permanent attractiveness and productivity. For instance, people may be more attached
to a city if it provides specific varieties of certain goods and services that are closer to
their ideal preferences or provides a greater variety of job opportunities to match with their
skills. Since larger cities provide a wider variety of goods, services, and jobs, and since
the long-run average size of a city is endogenously related to its permanent attractiveness
and productivity, we connect attachment to these permanent characteristics. This allows the

model to reproduce the observed cross-sectional heterogeneity in population, gross migration,

Turek (1985) is the only study we are aware of that quantifies the contribution of net internal migration
relative to births, deaths and immigration. He finds net migration is the main source of regional variation
in population growth in the US.



productivity, and the fact that larger cities tend to have lower rates of gross migration.

Our model’s cities are comprised of firms and workers. Firms produce the economy’s
freely tradeable final good with capital and labor subject to city-wide idiosyncratic produc-
tivity shocks. Labor is locally supplied but can move at a cost between cities while capital
is perfectly mobile. Labor supply within a city is endogenous because employing more of
the existing population is a substitute for migration to accommodate higher labor demand.
Blanchard and Katz (1992) identify this as one of the main channels through which a region’s
employment responds in the years immediately following a labor demand shock.

While our model captures the observed cross-sectional heterogeneity we show that for
understanding urban economic dynamics it is sufficient to study a representative city. We
are able to do this because the model is consistent with the common migration linearity.
The remaining structure of the model and the linearity imply a reduced form in which
equilibrium outcomes are found by solving a city planning problem in population subject
to quadratic adjustment costs. The size of these costs depends on parameters that can be
directly connected to the slope of the in-migration versus net migration relationship and
the average costs of migration for those who move. The former we estimate with our data
and the latter we obtain from the seminal micro study by Kennan and Walker (2011). In
principle moving costs depend on the distribution of permanent types. We are able to reduce
our analysis to that of a single representative city by showing that these moving costs in the
model can be estimated from our migration data using a short list of unconditional moments.

We apply our model to address two sets of questions. First, How do the costs of migration
influence a city’s economic dynamics in response to idiosyncratic productivity shocks? We
compare our model to estimates of the dynamic responses of a city’s population, gross
migration, employment and wages to a local productivity shock. Our model with empirically
plausible adjustment costs comes close to replicating the empirical dynamics of the average
city.

Second, we examine the model’s implications for the evidence of highly persistent urban
decline and cities growing faster than they shrink documented by Glaeser and Gyourko
(2005). The model has considerable persistence in urban decline due to slowly declining

productivity relative to other cities, although the model predicts declines 25-50 faster than



in the data. Quadratic adjustment costs imply population growth is only skewed in the
model if productivity growth is similarly skewed. We measure productivity to be close to
symmetric and if anything negatively skewed.

This paper is related to several strands of the literature. Blanchard and Katz (1992),
Glaeser, Scheinkman, and Shleifer (1995) and Howard (2019) are earlier empirical studies of
migration at the city and regional levels. In particular, Blanchard and Katz (1992) establish
that persistent regional labor demand shocks are accommodated over the long run through
migration. We contribute to this literature by presenting new empirical evidence on the
nature of gross and net migration within and across cities.

Using the migration slope in our measurement of migration costs is similar to the approach
taken by Sahin, Song, Topa, and Violante (2014) in the context of firm-worker matching.
They identify parameters in a hiring cost function using the slope of the linear relationship
between the job filling and employment growth rates estimated at the firm-level by Davis,
Faberman, and Haltiwanger (2013).

The magnitude of the migration slope we estimate implies that a city’s population adjusts
to shocks by movements in arrivals and departures in opposite directions. Such a negative
correlation might seem surprising given Kennan and Walker (2011)’s finding that recent
arrivals are more likely to leave a city than long-time residents and Coen-Pirani (2010)’s
demonstration that this phenomenon can induce a positive correlation at the state-level.
In our model a positive labor demand shock raises wages, making incumbents who are
on the margin of leaving a city less likely to do so. At the same time the higher wages
attract more migrants. Consistent with the operation of this mechanism, we estimate a
positive productivity shock leads city’s arrival rate to rise and departure rate to fall. This
corroborates Howard (2019)’s finding that gross migration responds oppositely in response
to the demand for a city’s output.

Our modeling of migration shares some features with the literature. As in Kennan and
Walker (2011), Gordon and Guerron-Quintana (2019) and others the decision to leave a
city is driven by idiosyncratic shocks to workers’ attachment to their current city. Location
choices have a directed component as in Kennan and Walker (2011). Aside from realism,

we include a directed component because we find that arrival rates are increasing in net



migration. If migration was not at least in part directed then arrival rates would be inde-
pendent of net migration. In our framework it is costly to direct migration. This captures
the myriad ways workers find new cities to live and work, including via friends and family,
professional networks, vacancy postings, head-hunters, cities’” promotional advertising, and
active recruiting by workers whose primary responsibility is some other productive activity.”

Coen-Pirani (2010) models gross worker flows among US states in a search and match-
ing framework taken from studies of gross worker flows between firms. We observe stark
differences with gross population flows between cities that leads us to a different approach
to modeling migration. Rappaport (2004) studies a two-city equilibrium model with exoge-
nously given quadratic costs of population adjustment. He does not quantify these costs.
While the reduced form of our model similarly involves quadratic adjustment costs, we derive
them from the underlying gross migration choices and are able to measure the magnitude of
these costs by exploiting our linearity finding.

Other work that studies migration in a structural framework includes Gordon and Guerron-
Quintana (2019), Karahan and Rhee (2019), Lloyd-Ellis and Head (2012) and Nenov (2015).
These papers emphasize the interaction of migration and housing. We abstract from housing
to isolate the role of migration in urban economic dynamics. Gordon and Guerron-Quintana
(2019), Nenov (2015) and Karahan and Rhee (2019) model gross migration, but they do not

address the linear relationship between gross and net migration.

2. Empirical evidence on urban migration

We characterize gross and net urban migration using an annual panel of 381 Metropolitan
Statistical Areas (MSAs) for the period 1985 to 2013.> These data cover roughly 80% of
the U.S. population. The Office of Management and Budget defines a MSA as “one or more
adjacent counties or county equivalents that have at least one urban core area of at least
50,000 population, plus adjacent territory that has a high degree of social and economic

7

integration with the core as measured by commuting ties.” While they sometimes include

20ur model abstracts from the pervasive decline in gross migration studied by Karahan and Rhee (2014)
and Kaplan and Schulhofer-Wohl (2015). The conclusion discusses how our model can be used to shed light
on the determinants of the trend.

3All our data is described in Appendix A.



multiple legally incorporated municipal entities, for convenience we refer to our MSAs as
cities. Cities are a natural unit of analysis to study internal migration as they represent
geographically distinct labor markets.*

We calculate annual inter-city migration rates by aggregating county-level data published
by the Internal Revenue Service to the city level.” City 4’s arrival rate in year t, a;, is defined
as the total number of people who move to the city from any other city within the year divided
by the city’s beginning-of-year population, multiplied by 100. The corresponding departure
rate, l;, is defined similarly in terms of people leaving a city and the city’s net migration
rate is simply the difference between its arrival and departure rates, n;; = a; — lj.

To characterize gross and net inter-city migration we estimate the following relationship:

ait = @i + By + Ty + i, (1)

where ¢; denotes a city fixed effect, T; denotes a time effect, and €; is an error term. We
include time effects since gross migration rates fluctuate over the business cycle and have
been falling over our sample period.® We abstract from these dynamics. Including city
effects allows us to identify the within-city relationship between gross and net migration
and to quantify the extent of heterogeneity in gross migration across cities. As discussed
by Kaplan and Schulhofer-Wohl (2015) there are idiosyncracies with the IRS migration data
which suggest it is measured with error. This leads us to estimate (1) by 2SLS using log
housing permits from the Census Bureau as an instrument for n;;. The F-statistic from the
first stage regression is 246.5. We estimate § = 0.782 with clustered-by-city standard error
equal to 0.046.7

4MSAs are similar to The United States Department of Agriculture’s market-oriented delineation of
counties called Commuting Zones (CZs) which covers the universe of US counties while MSAs exclude rural
counties. We chose to work with MSAs primarily because urban and rural areas might have fundamentally
different migration dynamics and other variables we require for our analysis, employment and wages, are not
available for CZs but are for MSAs.

5The Current Population Survey and the American Community Survey are used widely to construct
annual state-level migration rates, but small samples substantially limit their coverage of cities. Our key
migration finding, in particular linearity, holds at the state level in all three data-sets.

6See Saks and Wozniak (2011) for evidence on the cyclicality of gross migration and Molloy, Smith, and
Wozniak (2011) and Kaplan and Schulhofer-Wohl (2015) for evidence of its trend.

"The OLS estimate is 0.718. Since the measurement errors in the net migration and arrival rates are
positively correlated the theoretical sign of the bias in the OLS estimate is ambiguous.



Figure 1: Gross migration varies greatly across cities
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Note: Twenty bin histogram of city effects ¢; from equation (1).

Since the net migration rate is the difference between the arrival and departure rates the
fact that our estimate of 3 lies between zero and one implies that within cities arrival and
departure rates are negatively correlated. This stands in contrast to Coen-Pirani (2010) who
argues that within-state arrival and departure rates are positively correlated. Coen-Pirani
(2010) does not estimate a fixed effects regression and instead studies simple correlations after
first conditioning on observable characteristics. We find a positive unconditional correlation
in our raw migration data at both the city and state level. The mean gross migration rates
are almost perfectly correlated with our estimated city effects and the city effects account
for about 70% of the total variation in gross migration. This likely explains why our results
differ from Coen-Pirani (2010)’s.

Figure 1 displays the histogram of the estimated city effects. Given the high correlation
of the city effects with gross migration and their similar variances this figure illustrates the
vast heterogeneity in gross migration among US cities. The fixed effects range from 2% to
20% with most of the mass in the range of 2-10%. Figure 2 shows that the heterogeneity
in gross migration between cities is tightly connected to population. This figure shows the

mean fixed effect within each decile of average city population. Generally gross migration



Figure 2: Gross migration is negatively related to population
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Note: Mean value of the city effects ¢; from equation (1) within each decile of cities’ average population.

is smaller the larger the city. For example, the average fixed effect for the 10 smallest cities
is 7.9% while the average fixed effect for the 10 largest cities is 2.8%. This close connection
between city size and gross migration helps to explain the positive unconditional correlation
between arrival and departure rates.

Despite the vast heterogeneity in gross migration between cities the within-city patterns
of gross and net migration are strikingly similar. This is evident in Figure 3. The small
(blue) circles show the within-city variation of the arrival rates and the net migration rates
predicted by the first stage regression after removing city and time effects and adding back
the unconditional mean arrival rate. The (red) line is the fitted regression line from the
2SLS regression and the large (red) circles correspond to mean arrival rates and mean net
migration rates for each decile of net migration. The tight bunching of the small circles
around the regression line and the large circles lining up along the regression line strongly
suggest that cities’ gross migration rates are the same linear function of their net migration
rates up to a constant. This is reflected in the large within-city R? from the estimation of

equation (1), .63. Within-city variation of predicted net migration accounts for nearly 10%



Figure 3: Gross migration is linear in net migration
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Note: Small (blue) circles are the scatter plot of arrival rates and net migration rates predicted by housing
permits, after removing city and time effects and adding back the unconditional mean arrival rate. The
large (red) circles are the corresponding mean arrival rates for each decile of net migration. The (red) line
is the fitted regression using all the observations. To conserve on white space the scatter plot excludes the
one percent largest and smallest net migration rates.

of the total variation in arrival rates, which is more than double that for the time effects.®
Overall Figure 3 validates the relationship we postulated in equation (1): Within cities gross
migration is linearly related to net migration.

To summarize, our analysis of inter-city gross and net migration has revealed that gross
migration rates vary greatly between cities, they are negatively related to city size, and
within cities gross migration is essentially a linear function of net migration. A theory of

urban dynamics should be consistent with these patterns.

3. The model economy

This section describes our model of urban dynamics and how it can replicate the empiri-

cal evidence presented above. While the model allows for many heterogeneous cities and

8The time trend in the IRS data is less pronounced than in the Current Population Survey for states so
this relative variance contribution may be overstated. Note that the remaining variation in gross migration
is accounted for by the regression residual (10.3%) and covariance terms (4.3%).



can replicate the cross-sectional evidence, we show that focusing on a representative city is

sufficient for studying urban dynamics.

3.1. Environment

Time is infinite and discrete. The economy is populated by a representative household
constituted by a measure P of individuals. At the beginning of every period, they are
distributed in some way across a measure M of geographically distinct cities, where they
must decide whether to stay or leave. While migrating to a new city takes place within the
same time period, it is a costly activity. An agent can migrate through two possible channels.
The first alternative is to do it individually. In this case, after payment of a fixed utility cost
7, the agent randomly draws the name of another household member and moves to the city
where that person was located at the beginning of the period. We interpret these moves as
taking place for personal reasons (e.g. to live close to family and friends).” Observe that as
a consequence of this mechanism, larger cities will receive a proportionately larger fraction
of the total number of agents moving for personal reasons.

The second alternative is to join an economy-wide pool of migrants, which is targeted
by recruiters located in the destination cities. Any person located in a given city at the
beginning of the period can act as a recruiter for that city. The total number of migrants

that a recruiter can attract depends on their own effort according to the following technology:

ap = H™"dy, (2)

where a; is the number of attracted migrants, d; is the recruiting effort measured in terms
of lost utility, H > 0, and 0 < v < 1.

There is a finite number of permanent city types, with A™ denoting the total measure
of cities of type m. Cities differ in terms of their permanent characteristics and certain

temporary idiosyncratic characteristics, all of which we describe next. First, we assume that

9 Alternatively, these moves can be interpreted as taking place for economic reasons but without having
a job lined-up beforehand. In the absence of a direct hire, a person can always choose to move to another
city at random and try their luck there. We assume that this random selection of cities is size-weighted (i.e.
New York City is more likely to be selected than Ithaca, NY). Despite this alternative interpretation, for
simplicity we refer to this type of move throughout the paper as happening for “personal reasons”.



each city of type m provides a flow utility ¢ (m) to every agent living in that city after
migration is completed. We interpret ¢ (m) to be the permanent attractiveness of the city,
such as its weather and geographic location.

Second, we assume that cities differ in terms of their productivity levels. Specifically, we
assume that firms in a city of type m can produce the economy’s consumption good using

the following production function:

ye =k (m) sini'ky,

where y; is output, x (m) is the permanent productivity level associated with the city’s type
m, S is a city-level idiosyncratic productivity shock that follows a finite Markov process with
transition matrix @, n, is labor, k; is capital, « > 0, v > 0, and o + v < 1.

Third, before moving decisions are made, we assume that each agent located in a city at
the beginning of the period receives an idiosyncratic shock &; that determines how attached
they are to that city. In particular, & represents the one-time idiosyncratic utility loss that
the agent would experience if they were to move out of the city. We assume that this
idiosyncratic shock (which can be positive or negative) is i.i.d. across individuals and over
time, and is drawn from a uniform distribution on the interval [—; (m), —11 (m) + 219],
where ¢; (m) > 0 and 1y > 0. The uniform distribution helps to rationalize the linear
relationship between gross and net migration we found in the data.

Observe that the support of this distribution is constant in width but the bounds depend
on a city’s permanent type m. The reason for doing this is that the idiosyncratic attachment
of a person to a city could be related to its permanent attractiveness and productivity. For
instance, agents may be more attached to a city if it provides specific varieties of certain
goods and services (such as restaurants, music, and people) that are closer to their ideal
preferences or provides a greater variety of job opportunities to match with their skills.
Since larger cities provide a wider variety of goods, services, and jobs, and since the long-
run average size of a city will be endogenously related to its permanent attractiveness and
productivity levels, we allow the support of the idiosyncratic attachment shocks to be related

to these permanent characteristics. Notice with a larger ¢, (m), more individuals experience

10



utility gains from staying put, and therefore, other things equal, more will choose to remain
in the city.

In addition to deciding whether to stay or move, agents must decide whether to work
their unit endowment of labor or not.!” These decisions, which are made after migration,
depend on their idiosyncratic disutility of working w;. We assume that w; is i.i.d. across
individuals and over time, and that it is drawn from a distribution function with density
f (z) = Az? on the interval [O, (eiAl)r}rl}, where A > 0 and 0 > —1.

The realized flow utility that an agent obtains at the end of the period is then given by
w = U (c) + 6 = dp — Exp — TXG — Wi (3)

where ¢; is their consumption, U is an increasing and strictly concave utility function, ¢
is the permanent attractiveness of the city of destination, d; is the recruiting effort in the
city of origin, & is the realized idiosyncratic attachment to the city of origin, x! indicates
if the agent moved, x} indicates if the agent performed a personal move, w; is the realized
idiosyncratic disutility of work in the city of destination, and x} indicates if the agent worked
in the city of destination. Observe that if the agent does not move within the period, the
city of origin and the city of destination are the same. The agents’ preferences are described
by the expected discounted value of these flow utilities, using a discount factor /3.

Capital is assumed to be freely movable across the cities. The aggregate stock of capital

follows a standard law of motion
Kipy=(1-9) K, + 1, (4)

where [; is gross investment and ¢ is the depreciation rate.

10 Allowing for endogenous labor supply is important for studying urban dynamics, since labor in a city can
adjust to shocks via the extensive margin (population adjustments) and the intensive margin (employment
adjustments).

11



3.2. Competitive equilibrium

In order to simplify the description of a competitive equilibrium we assume that all the
insurance in the economy is done within the representative household.!' As a result, inde-
pendently of idiosyncratic histories, every agent in the household consumes the same. Also,
we simplify the structure of the labor markets to a bare minimum. In particular, we assume
that each city has its own recruitment market in which potential migrants and recruiters
from that city meet to trade employment opportunities. Once a migrant purchases an em-
ployment opportunity (i.e. is recruited), they gain access to the city’s spot labor market
as long as they remain in the city.'? Each agent in the economy-wide pool of migrants is
free to enter any recruitment market. It is important to observe that, since the cities are
heterogeneous, the price of an employment opportunity will generally differ across cities.
Cities at date t are indexed by a triplet (xg, Sg, m) and by a history s’, where xq is the
total population of the city at the beginning of date 0, sg is its idiosyncratic productivity
shock at date 0, m is its permanent type, and s* = (s, ..., ;) is its history of productivity

t."* We denote the date-t city type by 2! = (s',zg,s0,m). A

shocks between dates 0 and
measure ji; describes the total number of cities across the different z'. Starting from the
initial uo at date 0, {p};-, satisfies that g (2%) = 1 (2"71) Q(s4, s¢—1) for every date ¢ and
history z*.

At the beginning of period 0, the total number of agents that the representative household
has at each city of type (xo, s, m) is equal to xy. Thereafter, the representative household
must decide the recruitment, labor-supply and migration actions of each of these agents, while

perfectly insuring their consumption. Before describing the household’s dynamic problem, it

is convenient to characterize some of its static decisions. First, since the recruiting effort d;

1 Alternatively we could assume that individual agents trade lotteries. Such a scenario would be much
more complicated to describe but would lead to exactly the same equilibrium allocation as here.

2Instead of assuming spot labor markets in each city, we could alternatively specify an equilibrium with
long-term labor contracts. These long-term contracts could be modeled as stopping-times specifying contin-
gencies under which a worker would stop working for an employer. In each city there would be a continuum
of competitive markets for each possible type of stopping time, and the recruiters would intermediate the
stopping times traded between workers and firms. Not surprisingly, describing such an equilibrium is much
more complicated, see Alvarez and Veracierto (2012) and Veracierto (2016). Nevertheless, the equilibrium
allocations would be exactly the same as here.

13To simplify notation, we assume that in addition to being a finite number of idiosyncratic productivity
levels there is a finite number of values for xg.
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enters linearly in the flow utility (3) and since the recruitment technology (2) has decreasing
returns to scale, the representative household will always direct all of its members in a given
city to put in exactly the same amount of recruiting effort.

Second, since at the beginning of the period all of its agents in a given city are identical
except for their idiosyncratic attachments to the city, the representative household will al-
ways move out the agents with the lowest idiosyncratic attachments first, following a simple
threshold rule. Given a total number of agents z in city m at the beginning of the period
and given an attachment threshold &, the total attachment losses incurred by the household

can then be written as

¢ 1
</ §—d§> x=—[¢1 (m) N — X7 ] , (5)

i (m) 242

where ); is the fraction of agents that leave.

Third, since after migration has finished all agents in a given city are identical except for
their disutility of working, the representative household will always put to work the agents
with the lowest disutility of working first, again following a simple threshold rule. Given a
total (post-migration) number of agents p in city m and given a labor-supply threshold @,

the total disutility of working incurred by the household can then be written as

(/ wAwedw) p=B\p (6)
0

where v = §2 > 1, B = A" (0 +1)" (0 + 2)"" > 0, and ), is the fraction of agents that
work.
The representative household seeks to maximize the total welfare of its members by

solving the following problem:

max ZBt {U(er) P — TNy
=0

pe (21)

3 folm ) ) 8 (2 e = (02 ) e )

14 Appendix B provides a detailed derivation of equations (5) and (6).
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subject to

tht (zt) L (zt) + A = th (zt) Ly (zt) , (9)
o P+ th (zt) by (zt) m (zt) + I,

< Sa (D a ) m )+ Ym (e () m () nk 4L (10)

and equation (4), where A; is the total number of agents that move for personal reasons,
m (z') describes the m-component of 2!, p; is the end-of-period population level, e; is em-
ployment, [; is the total number of agents that leave, a; is the total number of employment
opportunities sold, b; is the total number of employment opportunities bought, ¢; is the price
of an employment opportunity, w; is the wage rate, r; is the economy-wide rental rate of
capital, and II; is the economy-wide profits of firms.!> The optimal static decisions of the
representative household are already incorporated in this decision problem.

The constraints begin with equation (8) which states that the end-of-period population
level at a city with history 2 is given by the beginning-of-period population, plus the total
number of agents that purchase employment opportunities in the city, plus the total number
of agents that are attracted to the city through personal moves, minus the total number of
agents that leave. Observe that A;/P is the expected number of household members that each
agent attracts through personal moves. Equation (9) states that the total number of agents
leaving their cities either perform personal moves or purchase employment opportunities
at some other city. Equation (10) is the budget constraint of the household. It states
that total consumption, plus the total value of all employment opportunities purchased,
plus investment cannot exceed the household’s income. This includes the total value of all
employment opportunities sold, the total value of salaries earned, the rental of capital, and

the profits of firms.

15To simplify notation, we assume that p;_; (st_l7 Zo, S0, m) at t = 0 simply denotes xg.

14



In each city with history z* there is a representative firm that solves the following static

problem:
e (zt) = max {/{ (m (zt)) SNy (zt)a k; (zt)ﬂY — Wy (zt) i (zt) — riky (zt)} .

Firms purchase labor services in their local spot labor market and rent capital in the
economy-wide capital market. Note that II, = > _, m(2") i (27).

The market clearing conditions are

ng (zt) = ¢ (zt) , (11)

b (2") = a (2, (12)
K, = Zkt (Zt) Mt (Zt) (13)
P +1, = Z/ﬂ (m (zt)) Sy (zt)a ky (zt)W L (zt) , (14)

2t

where equation (11) is market clearing in the labor market of each city, equation (12) is
market clearing for the employment opportunities of each city, and equations (13) and (14)
are the economy-wide market clearing conditions for capital and the consumption good,

respectively.

3.3. The city planner’s problem and steady state

Since this is a convex economy with no distortions, the welfare theorems hold. As a conse-
quence, equilibrium allocations can be found by solving the economy-wide planning problem,
which is to maximize the objective function in equation (7), subject to equations (8), (9),
and (11)-(14). While this gets rid of prices, it still seems a complicated problem to solve.
Fortunately, the model structure is such that the economy-wide social planning problem
can be decomposed into a series of sub-planning problems (one for each city), together with
certain side-conditions. Since we focus on steady-state equilibria in the rest of the paper,
we describe this decomposition only at the steady state. For convenience, we describe it in

recursive form.'6

16See Appendix C for a detailed discussion of the claims made in this section.
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The state of a city is given by a triplet (z,s,m), where x is the total population at the
beginning of the period, s is its current productivity shock, and m is its permanent type.

The city planner’s problem is the following:

_ o B(™\ o m(Y) e A
V(x,s,m)—max{go&(m)snk +c(m)p B(p) P H<$> x gpn(a+Px)

+enl +

Yy (m) é — 9y (é) ] r—rk+BY V(p.s,m)Q(s s)} (15)

S

subject to

A
p:x—l—a+ﬁx—l, (16)

where ¢ is the shadow price of the consumption good, n is the shadow consumption price of
a reallocated agent, and r is the shadow consumption price of capital. The economy-wide
values (A, p,n,r) are taken as given by the city planner.

For a given permanent type m, the optimal decision rules to the city planner’s problem

generate an invariant distribution p™ across duples (z, s) that satisfies the following equation:

™ (B,s') = / Q (s, s)du™, (17)
{(=,s): p(z,s,m)EB}

for every Borel set B and next-period productivity s’.
The side-conditions that guarantee that the solution to the city planner’s problem cor-

responds to the solution of the economy-wide planner’s problem are

p = U, (18)
cP+5Z)\m/k‘(m,s,m) duy™ = Z)\m/n(m) sn (z,s,m)"k (x,s,m)" du™, (19)

Zx\m/a(x,s,m)dum-i—A = Z)\m/l(a:,s,m)d,um, (20)

m 1 a(z,s,m) vy "

Equation (18) says that the shadow price of the consumption good equals the marginal utility
of consumption. Equation (19) is consumption good feasibility. Equation (20) says that the

16



total number of agents arriving to cities equals the total number leaving them. Equation
(21) is the first-order condition for A in the economy-wide social planner’s problem. To
understand it, observe that the marginal cost of increasing A is simply the disutility cost 7.
The marginal benefit of increasing A is that each city sees its arrivals for personal reasons
increase by x/P, which allows it to cut its recruiting activity by exactly the same amount
(and leave its population unchanged). The associated marginal saving in recruitment effort

1
is %H (a/ 33)571. At the optimum, marginal costs are equated to marginal benefits.'”

3.4. Consistency with empirical migration patterns

Assuming an interior solution, the city planner’s first order conditions for a and [ imply that

21/12%4-]{1 (g)Jl =11 (m) + 2 (p;x) —21/12%- (22)

U \T

Thus, in general the model implies a non-linear relation between the arrival rate to a city
a/x+ A/ P and its net migration rate (p — x) /z. However, Section 2 showed strong evidence
that in U.S. data this relation is linear. To make the model consistent with this empirical

finding we must set v = 0.5. In this case, equation (22) implies that the arrival rate is given

by

a A _ ¥y (m) H A N P2 (p - a:) (23)
r P 20+ H) (Yot H)P  (¢Yo+H) x ’
and, using equation (16), that the departure rate is
L hi(m) H A H (p - :17>
P2t B W H)P Wt B\ @ ) 2y

Hereafter, the assumption of v = 0.5 will always be made and, therefore, the linear relations

in equations (23) and (24) will hold. It follows that the model can rationalize equation (1).

The coefficient w:’j 7 in (23) corresponds to the migration slope 8 in (1). If in addition we

associate each city in our data with a permanent type m, then the fixed effects in (1) are

17Observe that the city planner’s problem with side conditions provide the basis for a straightforward
algorithm for computing a steady state: 1) for fixed values of (A, ¢,n,7) solve the city planner’s problems
(15), 2) compute the associated invariant distributions g in (17), and 3) verify that the side conditions
(18)-(21) are satisfied. If they are not, go back to 1) with new values for (A, p,n,7). See Appendix D for
how we solve the model.
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Both the costly recruiting technology and the structure of idiosyncratic attachment shocks
play a crucial role in delivering the linear relations (23) and (24). If the recruiting technology
was not available (i.e. if H = 00) then the arrival rate would be the same in all cities (it
would be equal to the fraction of the population moving for personal reasons A/P) and all
the net population adjustments would take place through changes in the departure rate.
This would be highly counterfactual. On the other extreme, if it was completely free to
recruit people (i.e. if H = 0) then the city’s planner would always set the departures rate
at the point of maximum total idiosyncratic benefits of moving 0.5 - 11 (m) / (v + H) and
make all net population adjustments through the arrivals margin. This would also be highly
counterfactual. Eliminating the idiosyncratic attachment costs (i.e. setting 1, (m) = 19 = 0)
would make the city’s planner choose a/x = 0 (to avoid incurring any recruiting effort), and
rely exclusively on the departures margin to adjust the city’s population. Again, this would
be highly counterfactual.'’

Also, for gross migration in the model to be consistent with the empirical evidence of
Section 2, the net migration rates (p — x) /x cannot be too negative. The reason is that
if (p —x)/x was negative enough, city planners would set a/x to zero and rely on the
departure rate [/x to make up for the difference. This means, that for sufficiently negative
net migration the arrival rate become constant (and equal to A/P). Since Section 2 showed
that the relation between arrival rates and net migration rates is monotone, this would be
counterfactual. In what follows, we assume that net migration rates are always sufficiently
large to make a/z positive.

Another empirical pattern uncovered in Section 2 is that larger cities tend to have lower
arrival and departure rates (see Figure 2). Equation (23) and (24) imply that the variation
of average gross migration rates across permanent city types m is directly determined by

11 (m). This gives the model enough flexibility to make it fully consistent with Figure 2.

18The fact that we only have access to noisy measures of the migration variables justifies the error term
in (1).

19Tn these arguments we implicitly assume that the net migration rates (p — x) /x are sufficiently close to
zero. If this was not the case, the gross migration rates described here would have to be modified somewhat
to handle the constraint that a/x and [/ cannot be negative. However, the gross migration rates would still
be highly counterfactual. See Appendix C.6 for the details.
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To see this, associate each city in our data with a permanent type m and assume that the
values of H and A/P are somehow given to us. Observe that the empirical estimate obtained
in Section 2 for the slope in equation (1) corresponds to the slope ¥/ (1o + H) in equation
(23). Given H, this estimate would then determine the value of 1. The empirical estimate
for the fixed effect of city m in equation (1) would then determine v (m). Conditioning
on the average TFP level k(m) of city m (to be measured in Section 4) and given other
model parameters, the city planner’s problem could then be used to solve for the permanent
attractiveness ¢ (m) needed to generate the average size of city m observed in the data.
Doing this for each city m would guarantee that Figure 3 is obtained. Thus our model can
simultaneously account for the three main findings of Section 2. It also suggests a natural
source of the negative relationship between population and gross migration: larger cities

have lower migration rates because current residents have fewer reasons to leave.

3.5. Using the model to study urban economic dynamics

Substituting the linear gross migration rules (23) and (24) into equation (15), and maximizing

with respect to n and k, reduces the city planner’s problem to the following:

V(z,s,m) = max{ph(m)&p® +<(m)p—en(p—z)

Iy (m, %) v 4T (m, %) (p—z)— HHfZQ (p;x>2x+5§:v(p,s’,m)Q(s',s)}
(25)

where ® and I' are terms that depend only on m and A/P, ¢ = -* (1 —v) with 0 = s

i (m) = k (m)” @0 | and

v

e s )] s ()7 - ()

Writing the city planner’s problem as in equation (25) is extremely informative and

} FECEDIe=N

highlights three fundamental issues raised in the paper.?’ First, the linearity of the gross

migration rules, which is strongly indicated by the empirical evidence, implies quadratic

208ee Appendix C.7 and Appendix C.8 for the derivation of equation (25).
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adjustment costs to population changes (p — x) /z. This emphasizes the crucial importance
of explicitly modeling the gross migration process in order to understand urban dynamics,
since it has direct implications for it.

Second, the linear gross migration rule estimated from the data not only informs on
the qualitative nature of the population adjustment costs at the city level, but on their
magnitude. The coefficient Hvy/ (H + 1)5) on the quadratic adjustment term in equation
(25) is equal to H times the slope of the linear arrival rate rule, equation (23). We obtained
an estimate of this slope from Section 2.

Third, given H and the estimated slope of arrival rate rule, all the cross-sectional hetero-
geneity due to differences in permanent types m is irrelevant for understanding city dynamics:
The coefficient Hpo/ (H + 102) on the quadratic adjustment term in (25) is common to all
permanent types m. This suggests the possibility of simplifying the analysis of urban dynam-
ics in a crucial way. If we could somehow calibrate H without having to solve the full-blown
model with heterogeneous permanent types m, there would be no need to ever consider this
version of the model. We could safely proceed with our analysis of urban dynamics by as-
suming that all cities have exactly the same permanent type m. The following section shows

how we can do this within a comprehensive calibration strategy.

4. Calibration

We now calibrate the steady state competitive equilibrium to U.S. data. In addition to
specifying the permanent characteristics of cities, the stochastic process for idiosyncratic
productivity and the utility function we need to calibrate the following 9 parameters: H,
e, T, v, @, 0, B, B, and v. These include the migration parameters, the factor shares
in production, the depreciation rate, the discount factor, and the parameters governing
labor supply. We first discuss the migration parameters and then the parameters governing

production and preferences.

4.1. Migration Parameters

We calibrate the migration parameters H and 1, using the migration slope and by matching

a micro estimate of the ratio of average net cost of migration of those who move to average
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wages from Kennan and Walker (2011).?" They identify moving costs using a detailed struc-
tural model of individual choice and data on moves. We cannot replicate their estimation
strategy in our model, but we can calculate the average moving costs of those who move.
We match this to the Kennan-Walker statistic.??

In our model economy the average moving cost of agents who move is given by

2
czwmf(ﬂmmw@%@+w(&%ﬂ))mm1
> o Am [ Uz, s, m)dpm

Je =

Z A [ q(z, s,m)a(x, s,m)dp™ + e A
> A [a(z, s, m)dp™ + A '

The first term is the average idiosyncratic attachment costs incurred at the cities of origin,
while the second term is the average recruitment costs and the disutility of personal moves
incurred at the cities of destination (all expressed in consumption units).

We show in Appendix F that since the equilibrium price of a recruitment opportunity
is q(x,s,m) = 2cHa(z,s,m)/x and equation (21) holds, J./ (ct);) can be written in terms
of the fraction of the total population doing personal moves A/P, the slope 15/ (1o + H) in
equation (23), the average size of cities P/M, and five unconditional moments that we can

estimate with our data. In particular,

J, ol palram? MM B (z,5,m)
= 2 + 2
b~ Bale,s,m) + 5% Ba(e,sm)+ 55
B¢ (m)1(z,5,m)] N -
(sstn) PP B S el
El(z,s,m) (w_) P " El(z,s,m)
Yo+H

where ¢(m) denotes the city-type-specific intercept term in equation (23) and M = > A™.

As we previously noted we can use the estimated slope in equation (1) to obtain a value

2ITheir estimates imply a ratio of -1.9. The numerator is the entry in the row and columns titled ‘Total’
in Table V and the denominator is the wage income of the median AFQT scorer aged 30 in 1989 reported
in Table III. The negative value of the estimate indicates that individuals receive benefits to induce them to
move.

2ZKennan and Walker (2011)’s estimates are based on the frequency of inter-state moves, while our model
describes inter-city moves. It is possible that they would have estimated different moving costs with inter-
city data as these moves are more frequent. In Appendix E we study a calibrated variant of Kennan and
Walker (2011)’s model and find that any bias is likely to be small.
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for 1o/ (1o + H). The estimated fixed effects in (1) provide values for the intercepts ¢(m)
assuming we associate each city in our data with a permanent type. We can also use our
data to obtain P/M, [, and a. P and [ can be measured directly. We can obtain a from
the total arrivals to a city a +xA/P and its previous population level z, by conditioning on
some value for A/P. Thus, conditional on A/P, J./ (ci)2) can be estimated using our data.

Average wages J,, satisfy

Jyw/c can be obtained from the values for the labor share «, the employment-population ratio
N/P and the consumption to output ratio ¢P/Y that we discuss below.

The ratio of average moving costs to average wages J = J./J,, satisfies

Je

1
J:¢2.c¢2'¥' (26)

Given our empirical measures for J./ (cyy) and J,/c and associating J with the Kennan-
Walker statistic, equation (26) gives a calibrated value for 1. Our estimated value for the
slope 5/ (19 + H) then implies a calibrated value for H. The associated value of 7 can then
be obtained from equation (21).

While our calibration of moving costs is conditional on A/P, it turns out that within a
reasonable range its actual value has negligible effects on the calibration. For this reason,
in what follows we only consider results for A/P = 0.003, which is the lowest arrival rate in
our sample (i.e. it is the largest value of A/P consistent with having a positive value for a in
every city). The associated values for H, 1, and 7 are 13.5, 48.5 and 0.0026, respectively.?*

Since we are able to calibrate H without having to solve the full-blown model with
heterogenous permanent types m, we can follow the suggestion for simplifying the analysis
of urban dynamics described at the end of Section 3.5. Therefore we work with a version of
the model in which there is only one permanent city type m. We normalize the permanent
productivity x (m) to one, the permanent attractiveness ¢ (m) to zero, and set ¢, (m) = 6.615

to generate an average arrival rate (and departure rate) of 5.4%, which is the average gross

23The “reasonable range” of values for A/P that we have referred to has 0.003 as its largest value. Its
lowest value is 0. The values for H, 1o and 7 associated with A/P = 0 are virtually identical to their
benchmark values.
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migration rate in our data.

4.2. Production and preference parameters

In selecting the remaining parameter values we need to specify the empirical counterpart to
capital in the model. Since we assume that capital is freely movable across cities, it seems
natural to abstract from land and structures. The empirical counterpart for model capital
we work with is therefore identified with equipment and intellectual property products. The
empirical counterpart for consumption is identified with personal consumption expenditures
in nondurable goods and services. Output Y is then defined as the sum of this consumption
measure and private fixed investment in equipment and intellectual property products.
Since at steady state 6 = I/K, we calibrate the depreciation rate using the average
investment-capital ratio, which by our measurement is equal to 0.19.2* Calibrating to an
annual interest rate of 4 percent requires a time discount factor 3 equal to 0.96. In steady

state capital’s income share in the model satisfies

(1/B—1+06) K
% :

We use this equation to calibrate v = 0.175 using our calibrated values for 8 and § and an
average capital-output ratio of 0.755. The parameter « is chosen to reproduce a labor share
of 0.64. Note that with § and K /Y in hand we can obtain the consumption-output ratio
that we used to calibrate the migration costs above.

We measure city-level TFPs using data on wages and employment, and use these mea-
sured TFPs to estimate the stochastic process for the idiosyncratic productivity shock s;.
A slight complication is that wages and employment contain both trend and business cycle
components, while we are calibrating a deterministic steady with no growth. Fortunately,
the Cobb-Douglas specification for the production function generates a log-linear relation

between those variables that allows for a simple transformation of the data so that we can

24 A1l statistics mentioned in this section are based on annual data between 1985 and 2013 (the same time
period used in Section 2).

23



abstract from trend and cycle. In particular, for any variable x; in city ¢ at date t we define

M

. 1

Ty =Inxy — i E In 2.
Jj=1

Subtracting the mean value of Inz;; in each period eliminates variation due to trend and
business cycle dynamics. Using firms’ first-order conditions and exploiting the fact that
capital is perfectly mobile and so the rental rate of capital is the same in each city, we have
that

Ay = (1 —7) Ay + (1 — o — 7y) Ay,

where A is the first difference operator, and w; and n; denote wages and employment,
respectively. Applying the first difference operator removes any fixed effects (such as per-
manent productivity levels x(m)).?> Given the values of a and 7 already determined, this
equation allows us to measure AS;; using data on Aw; and Ang;. Having done this, we run
the following regression:

Aéi,t = pAAé‘i’t_l + €it- (27)

Our OLS estimate of p is a tightly estimated 0.272, while our estimate of the standard
deviation of e, is 0. = 0.0129.

While it is reassuring that the stochastic process for the growth rates As; is tightly
estimated, it implies a non-stationary stochastic process for the idiosyncratic productivity
levels. This is problemetic for our theoretical model, since it requires stationarity in levels.
To overcome this difficulty we assume that there is a reflecting barrier for the idiosyncratic

productivity levels. In particular, we assume the following stochastic process for s;:
Ins;y =max{g+ (1+4+p)lns; — plns;_1 + €41, In Spin}, (28)

where ;41 ~ N (0,0.), g < 0 and p > 0.2 Observe that with this stochastic process, TFP

growth rates are approximately AR(1), while TFP levels are stationary due to the negative

25Measuring fixed effects as the time series means of §;; we find considerable heterogeneity in productivity
much like with gross migration. This is not surprising given that our measure of a city’s TFP is directly
related to its wages and employment.

26This process is similar to the one used by Gabaix (1999), except that he assumes p = 0.
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drift and the reflection at the barrier In s,;,,. Despite this, the model’s endogenous variables
will appear to be non-stationary over samples of similar length to our data. In our calibration
we work with a finite approximation to the stochastic process in equation (28), normalize
In sy, to zero, and select values for p and o. so that when we run the regression given
by equation (27) on the values of s; obtained from simulating the stochastic process (28),
we reproduce the empirical estimates of p and d.. Observe that selecting a very negative
value for g would make cities reflect the barrier In s,;, often and would create very little
heterogeneity in long-run growth rates, while selecting a value of g close to zero would do
the opposite. Therefore, we choose the negative drift g to reproduce a standard deviation
of ten-year population growth rates equal to 0.10 from our empirical panel of cities. The
resulting value is g = —0.0017.

We assume that the utility function U (¢) is logarithmic. The first-order condition for

employment e; in the representative household problem (7) is then given by

w; = eBr (E)H . (29)

Dt

Thus, 1/ (v — 1) is the Frisch labor supply elasticity of the representative household. Esti-
mating the impulse responses for the log of w; and the log of e;/p; to a one-standard deviation
innovation in city-level TFP, we select v = 3.7 to reproduce the ratio of those responses on
impact. (Our estimation of impulse responses is described in detail in Section 5.) In turn,
the labor supply disutility B is selected to reproduce an aggregate employment to population
ratio equal to 0.62.

5. Results

We now apply our model to study the role of migration in urban economic dynamics. First,
we compare our model to estimates of the dynamic responses of population, gross migration,
employment and wages to TFP shocks. Second, we examine the extent to which migration
and the evolution of a city’s productivity can account for two facts documented by Glaeser

and Gyourko (2005): persistent urban decline and cities grow faster than they shrink.
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Figure 4: Dynamic response of population to a TFP shock
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Note: The ‘Data’ line with whiskers shows the point estimates with 2 standard error bands. The ‘Benchmark’
line corresponds to the calibration discussed in the previous section. The ‘No heterogeneity’ line comes from
calibrating the model under the assumption that all cities are of the same permanent type. The ‘Low (5’
line is based on calibrating using the lower bound of the confidence interval for the migration slope 8 rather
than the point estimate.

5.1. Dynamic responses to TFP Shocks

We use local projections to estimate the dynamic response of a variable to a TFP shock.
Specifically, the responses of the non-stationary variables — population, employment and
wages — j years after a TFP shock are identified with the coefficients from linear projections
of log differences of the variables between date ¢t + j and date ¢ — 1 on the date ¢t values of
the residuals from equation (27) determined by our estimated value of p. For the arrival and
departure rates we use the coefficients from projections of the levels of the rates at ¢ + 7 on
the date t residuals. Standard errors are clustered by city.

Figure 4 shows our estimated response of population and responses in the model under
different calibrations. Equation (27) implies that after a shock TFP rises rather quickly to
its new long run level; after 4 years TFP is already within 0.5% of it.%"

If there were no costs to migration population would track TFP and therefore reach its

long run level almost immediately. Yet the empirical response of population is very slow

2TThe discussion loosely identifies the long run level of TFP with its peak response, while equation (28)
indicates that the long run TFP level must be In s,,in. The reason for taking this liberty is that the drift in
equation (28) is very small, so TFP stays close to its peak response for a long time.
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and is still rising 9 years after the shock. The response of population from the benchmark
calibration is also slow, with a half life of over 10 years. However it is still very much faster
than the data and lies far outside the confidence bounds of our point estimates.

We have explored some alternative calibrations of the migration parameters to address the
robustness of this finding. When considering a different value for a given migration parameter
we re-calibrate the other migration parameters using the benchmark calibration procedure.
The speed of population adjustment in the model is increasing in the targeted value of the
migration slope 3 from equation (1) and this slope is estimated with uncertainty.”® Therefore
we considered the ‘Low [’ case in which we calibrate to the value of the slope at the lower
end of its 95% confidence interval. As shown in Figure 4 the model’s population response
is attenuated substantially and now lies well within the confidence bands for the estimated
responses. From this perspective the model does well at accounting for the data.

We also calibrated the migration parameters holding 3 at its benchmark value but drop-
ping the Kennan-Walker statistic from the calibration and increasing the recruiting param-
eter H until we matched the impact period population response in the model to the data.
When we do this the model’s population response lies virtually on top of the estimated
response (not shown). However, the model-implied Kennan-Walker statistic is fifty percent
larger.

Our calibration strategy takes into account cross-sectional heterogeneity in gross migra-
tion without having to solve the full model with heterogeneity. How sensitive are our findings
to accounting for this heterogeneity? The final experiment we ran was to calibrate the mi-
gration parameters under the assumption that there is only one type of city. In this ‘No
Heterogeneity’ case we ignore the empirical moments underlying the benchmark calibration

and simply adjust the recruiting parameter H to match the model-implied Kennan-Walker

28The speed of adjustment is determined by the quadratic adjustment cost coefficient H - § = ﬁ in
the city planner’s reduced form problem. When we change 3, our calibration of H changes to match the
Kennan-Walker statistic. In fact, when we increase 3, our calibrated value of H decreases so much that H - /3
decreases and population adjustments become less costly. To get intuition for this, consider what happens
when 8 — 1. This requires that H/vs — 0. If H converges to some positive value, then 1o would have to
go to infinity. However, the expression for J./c indicates that this would go to infinity as well. Since J,,/c
is pinned down by data, this would mean that the Kennan-Walker statistic J = J./.J,, would go to infinity
and we would be missing our calibration target. Thus, H — 0 when 8 — 1 and so H - § — 0. Therefore, as
B — 1 and we follow our calibration strategy adjustment costs go to 0.
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Figure 5: Dynamic response of gross migration to a TFP shock
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Note: Note: The ‘Data’ line with whiskers shows the point estimates with 2 standard error bands. The
‘Benchmark’ line corresponds to the calibration discussed in the previous section. The ‘No heterogeneity’
line comes from calibrating the model under the assumption that all cities are of the same permanent type.
The ‘Low (3’ line is based on calibrating using the lower bound of the confidence interval for the migration
slope 8 rather than the point estimate.

statistic to its estimated counterpart. Ex ante it was not clear how accounting for hetero-
geneity would influence our findings. As shown in Figure 4 the impact was to move the
model closer to the data.

The population responses arise from variation in gross migration.?” Figure 5 shows the
estimated responses of gross migration along with the corresponding responses in the model
under the same calibrations underlying Figure 4. The figure shows that regardless of the cal-
ibration the model replicates the key qualitative features of the empirical responses: Arrivals
rise while departures decline, arrivals rise by more than departures fall, and both responses
are very persistent. However the model predicts more pronounced responses than in the
data, particularly for arrivals. Nevertheless given its simplicity the model does surprisingly
well.

Population adjusts as workers move or stay put to take advantage of the higher wages
that result from more efficient production opportunities. However employment can rise even

if population does not through more intensive use of the existing workforce. Figure 6 shows

29Empirically international migration and changes in births and deaths play a role as well. Our analysis
abstracts from these sources of population adjustments because they are likely to have second order effects.
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Figure 6: Dynamic response of employment to a TFP shock
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Note: Note: The ‘Data’ line with whiskers shows the point estimates with 2 standard error bands. The
‘Benchmark’ line corresponds to the calibration discussed in the previous section. The ‘No heterogeneity’
line comes from calibrating the model under the assumption that all cities are of the same permanent type.
The ‘Low (3’ line is based on calibrating using the lower bound of the confidence interval for the migration
slope 8 rather than the point estimate.

the empirical response of employment is initially much faster than for population but they
end up increasing at the same rate 9 years out. So initially employment responds in part via
a higher employment rate and later on entirely through the addition of workers to the city.
The model’s endogenous labor supply allows it to capture these features of the data. The
‘Low (37 response is within the confidence band initially but does not tail off like the data
and so the employment rate remains elevated after 9 years.

The response of wages to a positive idiosyncratic TFP shock is shown in Figure 7. If
workers were perfectly mobile like capital then wages would be equalized across cities and
wages would not respond to a productivity shock. Thus their response is informative about
labor scarcity due to migration and other frictions. Empirically the wage response is sta-
tistically significant and persistently positive throughout, rising by more than population
before eventually tailing of in year 8. The labor scarcity is persistent. The labor supply
elasticity parameter v was calibrated to match the empirical wage response in the initial
period. Thereafter it rises like the data initially but tails off much earlier. Equation (29)

shows the wage response in the model is governed by the employment to population ratio.
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Figure 7: Dynamic response of the wages to a TFP shock
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Note: Note: The ‘Data’ line with whiskers shows the point estimates with 2 standard error bands. The
‘Benchmark’ line corresponds to the calibration discussed in the previous section. The ‘No heterogeneity’
line comes from calibrating the model under the assumption that all cities are of the same permanent type.
The ‘Low (3’ line is based on calibrating using the lower bound of the confidence interval for the migration
slope 8 rather than the point estimate.

The responses of this variable in the model and the data can be read off of Figure’s 4 and 6.
In the data the employment to population ratio rises and follows a hump-shape. The model
gets the level and trajectory of this response about right but it is more persistent than in
the data (not shown).

Overall these economic dynamics illustrate the operation of the key mechanisms in the
model. Having multiple margins to respond to the increase in TFP, agents exploit them
all. Labor supply of the existing population can increase and the workforce can increase
through migration. For the latter, given the better wages there is less incentive for people
to move out of the city and the higher wages make it easier to attract workers to the city
from elsewhere. The similarity of the responses in the model compared to the data suggests

these margins are prominent empirically as well.

5.2. Migration, Urban Decline, and Asymmetric Growth
Consistent with Glaeser and Gyourko (2005) in our data some cities experience highly per-

sistent decline and growing cities tend to grow faster than shrinking cities shrink. We now
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Figure 8: Persistent urban decline
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Note: The figure displays averages of log variables of 20 cities with the largest population declines over
1985-2013. The ‘TFP’ and ‘Population’ lines are averages from the data. The ‘Benchmark’ line is averages
of population implied by the model with the TFP paths from the data under the benchmark calibration.
The ‘Low B’ line is the analogous population path based on calibrating the migration slope using the lower
bound of its confidence interval rather than its point estimate.

examine the extent to which our model is consistent with this evidence.

To address the urban decline question we focus on the 20 cities that experience the
largest population declines in our sample. Their average TFP path is fed into the model
starting from an initial TFP level assumed to have held for a long time.*’ We then feed
into the model the complete TFP path starting in 1985, but focus on the resulting average
population dynamics starting in 1998. The reason for doing this is that with adjustment
costs, population adjustments depend on past TFP shocks.?! For each city we calculate the
predicted path for log population starting in 1998, average over these paths, and compare
the result to the same object constructed using the data.

Figure 8 shows the average log paths for TF'P and population for the data and the model.
TFP falls by 0.08 log units from 1998-2013 and population falls by about 0.2 log points, along
a path that starts to flatten after 10 years. The benchmark path for population flattens only
late and falls by 0.3 overall, 50 percent faster than the data. With ‘Low [’ the difference

30The initial TFP level is selected to be the smallest value consistent with the TFP path not hitting the
reflecting barrier.

31We can construct TFP going back to 1970. Adding the additional data does not change the estimated
idiosyncratic TFP process but we have yet to explore it in this experiment.
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is 25 percent and only 15 percent after 10 years. So the model does predict very persistent
population declines but these are (somewhat) faster than in the data.

There are two key factors driving the model dynamics: persistent declines in TFP taken
from the data and the slow response of population to declines in TFP prior to 1998. The
impact of past TFP declines on current population is demonstrated by the faster rate of
population decline relative to TFP — in the short run population’s response to a TFP shock
is much smaller than TFP’s, but over longer horizons it responds by much more.

Glaeser and Gyourko (2005) document that population growth is positively skewed so
that growing cities tend to grow faster than shrinking cities shrink. In our model of quadratic
adjustment costs the only way this can happen is if productivity is similarly skewed. Pro-
ductivity in the model, other than the small drift term, follows a symmetric process, but our
measurement, of productivity does not depend on this assumption. Therefore we can test
our model by examining the empirical distribution of productivity. We measure productivity
growth to be essentially symmetric in our 1985-2013 sample. Using data back to 1970 the
distribution is moderately skewed to the right.

6. Conclusion

Migration is integral to urban economic dynamics. We have presented a parsimonious dy-
namic general equilibrium model of migration consistent with the cross sectional patterns of
migration, population and productivity and applied it to study urban economic dynamics
driven by idiosyncratic productivity changes. The model’s parsimony makes it amenable to
study other questions about urban economic dynamics.

Our model has faster urban decline than we see empirically and symmetric population
growth. Glaeser and Gyourko (2005) argue that the growing supply of housing relative to
population as a city shrinks lowers housing costs relative to growing cities and discourages
out-migration. This limits net migration relative to growing cities and so is a possible source
of both persistent decline and skewness. It is straightforward to introduce housing into our

framework and quantify the role of housing in urban dynamics.*”

32Davis, Fisher, and Veracierto (2013) studied a quantitative model in which housing does not slow pop-
ulation adjustments very much once migration costs are taken into account. That result likely depends on
the way housing was modeled.
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Our model abstracts from the pervasive secular trend in gross migration. However, it is
flexible enough to shed light on the source of the trend. Steady state migration is determined
by ¥1(m). The trend can be analysed by considering a transition down toward a stable long
run value of ¥(m). In this case the gross migration decision depends on the rate of con-
vergence to and distance from the steady state. Calculating these dynamics is left to future
work but we already know now what the model implies: The secular decline in migration is
due to a rising attachment to location. This suggests future work to understand the trend
might benefit from focusing on the determinants of attachment, such as the examples given

in the introduction.
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Not for Publication Appendix
(For online publication)

A. Data

This section describes our data sources for our panel data on Metropolitan Statistical Areas
(MSAs). The mappings of counties to MSAs we use are consistent with the definitions given
by the U.S. Office of Management and Budget (OMB) as of December, 2009. As of that
time, OMB defined 366 MSAs in the United States. Over our sample period, these MSAs
account for about 80 percent of the aggregate population. We exclude all data from the
New Orleans MSA from our study because of the disruption caused by Hurricane Katrina
in 2005.

A.1. Calculating Gross Migration Flows with IRS Data

We construct data on gross MSA-level population inflows and outflows using county-to-
county migration data based on tax records that is constructed by the Internal Revenue
Service (IRS). These data are available annually from 1990 onwards on the IRS web site
and are available from 1983 through through 1992 at the Inter-University Consortium for
Political and Social Research (ICPSR) web site. The data cover the “filing year” period,
not calendar year. For example, the data for 2007 approximately refer to migration over the
period April, 2007 to April, 2008. The beginning of the sample period for all our data is
1985, dictated by the availability of the IRS data. We do not use IRS data that is available
prior to 1985 because counties are not identified by FIPS codes in these years.

For each year, the IRS reports the migration data using two files, one for outflows and
one for inflows. These files cover the experience of each county in the United States. Both
the inflow and the outflow files report migrants in units of “returns” and in units of “personal
exemptions.” According to information from the IRS web site, the returns data approximates
the number of households and the personal exemptions data approximates the population.®?
We use the exemptions data.

We define gross inflows into an MSA as the sum of all migrants into any county in that
MSA, as long as the inflows did not originate from a county within the MSA. Analogously,
we define gross outflows from an MSA as the sum of all migrants leaving any county in that
MSA, as long as the migrants did not ultimately move to another county in the MSA. We
exclude people migrating into- and out of the United States. But otherwise, for gross inflows
the originating counties are not restricted to be part of one of the 365 MSAs, and for gross
outflows the counties receiving the migrants are not restricted to be included in one of the
365 MSAs. Over our sample period, counties inside MSAs slightly increased in population,
on-net, relative to counties outside of MSAs.

Define A;; as the number of new entrants to MSA ¢ during year ¢, L; as the number
of people exiting, and P, as all the people that did not move in or out. We compute the

33See http://www. irs.gov/taxstats/article/0,,1d=212683,00.html for details.
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beginning of year population X;; and end of year population P;; as

Xyt = Py + Ly

Py Py + Ay

Net migration in MSA i during year ¢ is therefore P;; — X;; = A;;— L;;. Note that due to births
and deaths and foreign migration, P is typically less than the beginning of year population
in the subsequent year, X;; 1. The corresponding gross arrival rate, gross departure rate and
net migration rate are defined as

A

it = Al
Qit X, (A1)
L;
lit t
Xt
Ny = Qi — lit‘ (AZ)

A.2. Other data

Our data on annual building permits for all units, by county, are from the SOCDS database
as published by the Department of Housing and Urban Development. We compute the MSA
total as the sum of the permits for all the counties in that MSA Employment and wages are
derived from Table CA4 of the “Regional Economic Accounts: Local Area Personal Income
and Employment” as produced by the Bureau of Economic Analysis (BEA). The population
data (line 20) are mid-year estimates from the Census Bureau. For employment, we use
“Wage and Salary Employment,” line 7020. These are counts of full- and part- time jobs
of salaried employees. We construct nominal average wage per job, “wages”, as the sum of
total wage and salary disbursements, line 50, and supplements to wages and salaries, line 60,
divided by wage and salary employment.** Since our detrending removes time effects, we do
not adjust wages for overall inflation.
The aggregate data used to calibrate the model is obtained from Haver Analytics.

B. Derivation of equations (5) and (6)

B.1. Derivation of equation (5)

Given a total number of household members = and a thresshold £ for their idiosyncratic
attachments, the total attachment losses incurred are

ggidf x—i(?—lﬁ)x
—uy 2 Ay P

34The BEA also reports a broader measure of employment called “total employment” (line 7010) but this
is the sum of Wage and Salary Employment and Proprietors Employment (line 7040). In CA4, Proprietors
Income (line 70) is associated with Proprietors Employment. Since Proprietors Income includes some capital
income, we use the narrower measures of employment and compensation in our study.
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and the fraction of household members that move is
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B.2. Derivation of equation (6)

Given a (post-reallocation) total number of household members p in city m and given a
labor-supply threshold @, the total disutility of working in the city is

@ @ 1 “ 1
AG — (A 0+1 — (A 042 — A —0+2
([ wnas)r=(a [ wras)o= (4] ) o= tgg™s

and the fraction of households members that work is

w 1 © 1
_ A 0 —A|l— 0+1 :A_79+1 B.1
g /0 Wi {9+1°" L h+1" (B-1)

From equation (B.1) we then have that

1

(MTl )QH =w (B.2)
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Define m = Zﬁ. Substituting equation (B.2) in equation (B.1) we then have:
@ 1 (041 \o7  AT@ 1)
wAwedw) p=A—— <— ) p=——"7—-"10"p.
(/0 6+2\ A 0+2

C. Characterization of equilibrium and city-planner’s problem

To somewhat simplify the analysis, we initially assume that there is no capital and that
labor is inelastically supplied. Once we conclude the analysis of this scenario, we describe
how it can be trivially extended to the case with capital and endogenous labor supply. Note
that notation for some parameters is different from the main text in this appendix but is
internally consistent and the connection to the main text should be transparent.

C.1. Competitive equilibrium

C.1.1. Representative household problem
ag (2! v
H (—t< z ) Pt—1 (Zt_l)

MAXZBt { — A+ Z T

M _ ﬂ ’ L1 St
" (djl (m) peo1 (2071) v <pt 1 (2t 1)) )pt_l ( )] X b )}

subject to
pe () = po () 0 () + 2o (37 — e () (1)
a; (2') >0 (C.2)
b (2") >0 (C.3)
L (") >0 (C.4)

)
)
3 {bt () + i ] =0 () e () (C.5)

P+ Z a (2") by (2°) e (21)
Z dt /lt (Zt)
+ Zwt zt) Lt ( ) + 11, (C.6)

C.1.2. Firm’s problem in city with history 2

max {/‘6 (m) sgny (Zt)e — Wy (Zt) g (Zt)}
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C.1.3. Market clearing conditions

C.1.4. First order conditions

pr =U'(cr) (C.11)

> [ell=') — omi] wut () <7, (=0if A, >0) (C.12)
Puqu(z S% ( zt - ) ,(=0if a (") > 0) (C.13)
— ouqu(2') + Sﬁtﬁt( ") — i < 0 (with = if b, () > 0) (C.14)

@tft(zt) = Pty (Zt) + < (m)

() ()

St41

—5<Pt+177t+1

t+1 2
+ﬁ2¢2 (ltﬂ (s » 7(;0)’ 807m)) QSt41,80)+ 6290t+1£t+1<3t+17x07 S0, ) (1 + A;rl) Q(S1+1, 51)

St+1 St+1

(C.16)
wy (2) = K (m) s,0n, (zt)ef (C.17)

Remark: Since this is a convex economy with no distortions the Welfare Theorems hold.

1

C.2. Economy-wide Planning Problem in Sequential Form

The economy-wide social planner problem is the following:

MAXZBt { —TA + Z

m I (2") B i (2') ’ Sl S
" <¢1 ( )pt—l (271 v <Pt—1 (Zt_1)> ) b ( )] s ( )}

Ay

Dy (zt) = pi_1 (ztfl) + a; (zt) + Fpt,l (zt’l) — 1 (zt) (C.18)

subject to:
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a (2') >0 C.19)
I (2) >0 (C.20)
Ay t ¢ ¢
3 [at () + S (= )] e () = S0 () e () (C.21)
aP < Z stpt t Mt (zt) (C.22)
with po given and where p;_; (2'71) = z¢ for t = 0.
FOC’s:
o =U' (&) (C.23)
PRI ACHEEN wm (z)) <7, (=0if A, >0) (C.24)
P
ty 1 as (2') v —0ifa (2
pe&e(#) — e < —H (p—tl (ztl)) , (=0ifa (2) >0) (C.25)
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(C.27)

C.3. City Planner’s problem in sequential form

The city planner takes as given the sequence {A¢, o, m g
Define

[ (St) =Q (St; St—1, St—z) ~~Q(S2; S1, SO)Q(Sl; S0, 3—1)-
Then, the city planner’s problem is the following:

MAXZBt Z {@t’f (m) sipy (Zt)e +<(m)p (Zt) (C.28)

st

A
— iy |:at (z") + Ftpt—l (Zt_l)] + ol ()

(L )ipt_l (=)

Pt—1 (Zt*l)
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St+1 St+1

with (zg, 89, m) given and where p; 1 (2'™!) = x¢ for t = 0.

C.4. Equivalence between economy-wide social planner’s problem and city plan-
ner’s problem

Proposition 1: Let {C}, Ay, pr, as, Ui, @1, &, i oy be the unique solution to the economy-wide
social planner problem with initial state pg.

Then, for each initial state (zo, so, m), {pt, ar, lt,& } oo is the unique solution to the city
planner’s problem that takes {A¢, pr, m:}io, as given.

Proof: It follows from the fact that equations (C.18)-(C.20),(C.25)-(C.27) imply equa-
tions (C.29)-(C.34).

Proposition 2: For each initial state (z¢, so, m) let {ps, at, l;, §},—, be the unique solution
to the city planner’s problem that takes {A, @i, mi}io, as given.

Define
ab = Z m) sy (') ,ut () (C.35)
Suppose that
o =U'(cr) (C.36)
t DPi—1 (Zt_l) t o .
> [er(e) — o] P S () <7 (=01 Ay > 0) (C.37)
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Z {at (zt) + %pt_l (zt_l)} Lt (zt) = Z ly (zt) Lt (zt) (C.38)

Then, {Cy, A¢, pr, s, Ui, 1, &, M e 1s the unique solution to the economy-wide social plan-
ner problem with initial state .

Proof: It follows from the fact that equations (C.35)-(C.38),(C.29)-(C.34) imply equa-
tions (C.18)-(C.27).

C.5. Steady state allocation

In order to define a steady sate allocation it will be convenient to work with a recursive
formulation to the city planner’s problem given by (C.28).
At a steady sate, the recursive city planner’s problem is the following:

V (z,s,m) = max {gpm (m) sp? +¢(m)p — on (a + %x) + onl (C.39)
—H(E)Qx—i- w(m)l—w ! 2 :r;—irﬂZV(x’ s',m)Q (s, s)
T 1 T 2 T ~ ’ 9 )
subject to

p=x+a+—=x—1 (C.40)

a>0 (C.A41)

[>0 (C.42)

¥ =p (C.43)

where the constant values (A, ¢, n) are taken as given.
The first order conditions are the following:

w&(x,s,m) — pn < QHM, (=0 if a(z,s,m) > 0) (C.44)
1 (m) = 20 T2 < e som) —gn, (=01 (rsm)>0)  (C45)
o&(x,5,m) = pr (m) s0p’ ' 4 ¢ (m) + ﬁZV’ (@', s',m)Q (s, s) (C.46)

and the envelope condition is given by

2 2
V' (x,s,m)=H [M] +1ho {M} +2HM%+QO€(IE,S,WL) >0 (C.A47)

Observe that the concavity of the return function implies that
V" (x,s,m) < 0. (C.48)

The optimal decision rules to this problem generate an invariant distribution g™ that
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satisfies the following recursion:

s = | Qs 5) du™ (C.49)
{(z,s): p(z,s,m)€X}

Recall that A is distribution of cities across permanent types m. Then, the side conditions
in Proposition 2 guaranteeing a steady state solution to the economy-wide social planner’s
problem are the following:

cP = Z A(m) /FL (m) sp (z, s,m)" du™, (C.50)

e=U"(c), (C.51)

Z A (m) / [&(x, 8,m) — pn] %d,um <7, (=0ifA>0), (C.52)

m

;A(m)/[a@,s,m) —x]d,u Z/\ /xs,m)d,um. (C.53)

C.6. Linear relation between gross and net flows

The empirical evidence indicates that assuming that /; > 0 and a; > 0 in all cities is the
relevant case. The reason for [; > 0 is that departure rates are always positive in our
dataset The reason for a, > 0 is that otherwise total arrival rates would be the same (equal
to ) for some range of net population changes (p; — p;—1) /pi—1, and this would be highly
counterfactual

Hereon, we will then assume that a; > 0 and that [; > 0. Moreover, we will assume that
v = 0.5.

Then, from equations (C.32) and (C.33) we have that

ly _1¢1(m) H

P12 by Vo Pr—1

Also, from equation (C.29) we have that

Pt — Pt—1 _ Qg _'_&_ ly
Pi—1 Pt—1 P Pi—1

It follows that the total arrival rate is given by:

Qy Ay Py (pt - pt—1> Py (1 1/11 (m) At) Ay
— 4+ = = —+ — - | + =, C.54
Pt—1 P Vo + H Dt—1 Yo+ H \2 P P ( )

which is a linear function of the net population change (p; — p;—1) /pi—1. Moreover, the linear
coefficient is:
Vo

< 1.
vy + H

0<
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Also, the departure rate is given by:

[ H — D 1 A A
I (_ ) (pt Pt 1) 1 V2 (_¢1 (m) __t) g (C.55)
De—1 Yo+ H DPi—1 Yo+ H \2 1o P P
which also is a linear function of the net population change (p; — p;—1) /pi—1, with the linear
coefficient given by

H
Vo + H

It turns out that the empirical evidence indicates a strong linear relation between arrival
rates a;/p;—1 and net population changes (p; — p;—1) /pi—1 in the cross section of cities, with
slope between 0 and 1. Thus, the model is consistent with the empirical evidence.

The above analysis has shown that the model is consistent with the empirical evidence
about the relation between gross and net population flows. We now explain why both types
of moving costs (idiosyncratic attachment shocks and recruitment activities) are necessary
to deliver that result. We do this by describing the consequences of removing each of these
type of moving costs.

-1 <~ < 0.

Free recruiting activities (H =0) When H = 0, the FOC’s (C.32) and (C.33) become:

&t — oy <0, (=0if a; > 0) (C.56)
1 (m) — 2¢, <—) < @& — e, (=01l > 0) (C.57)
Dt—1
These conditions reveal the following lower bound on departure rates:
_i(m) < l;
PATD) Pt

Suppose that wl m) < St
Then, from equatlon (C 57) we have that

Y1 (m )—2¢2( e 1):@tft—¢t77t<0

From equation (C.56) we then have that
ar = 0.
From equation (C.29) it then follows that

li _&_pt_pt—l

Pi—1 P Pi—1

vlm) b
Suppose now that e = P
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From equation (C.57) we then have that
Ly
Y1 (m) — 2¢, (—) = @& — e = 0.
Dt—1

From equation (C.56) it follows that a; > 0. In particular, from equation (C.29) we have
that

— D A
a :pt ptl_i_wl(m)__tz()‘
DPt—1 DPt—1 21y P
From this discussion it follows that:
— D A
Qg :max{pt ptl__t+"¢1(m)’0}’
DPt—1 Dt—1 P 21y

L {77/11 (m) (pt - Pt—l) Ay }
—— = max , — + =
Pt—1 24Py Pt—1 P
Observe that in this case, as long as the net population growth rate is not negative enough,
that the city planner sets the departure rate at the point of maximum static benefits %
and lets the arrival rate make all the adjustment. A constant departure rate and an arrival

rate that moves one-to-one with net population growth is highly counterfactural.
No idiosyncratic attachment shocks (¢; (m) = ¢, = 0) In this case the FOC’s (C.32)
and (C.33) become:

a
0 — ey < 2H <—t
Pt—1

0 < & — oy, (= 0if I, > 0) (C.59)

Suppose that (p; — pi—1) /pi—1 — A/ P > 0.
From equation (C.29) we have that

) (=0ifa > 0) (C.58)

popo A a b (C.60)

Pt—1 P Pt—1 Di—1

Hence, a; > 0 and from equation (C.58),

a
0k — ey = 2H (—t) >0
Pt—1

From equation (C.59) it follows that

and from equation (C.60) that




Suppose now that (p; — pi—1) /pi—1 — A/ P < 0.
From equation (C.29) we have that

Pt — Pt—1 Ay Qg Ly
Ll ) C.61
DPt—1 P Pi—1 Pi—1 ( )

Hence, I; > 0 and from equation (C.59),

0 = v — Qe

From equation (C.58) it follows that

at:()

l_t _ (pt_pt—l _ &)
Pe—1 Pi—1 P

From this discussion it follows that

Gy Pt — Pt—1 Ay
—— =maxy ——— — —.,0 C.62
DPt=1 { Dt P’ } ( )

ly { (Pt — Pt—1 At) }
— =maxs —(—————= 1,0 C.63
Di—1 Dt P ( )

Observe that in this case, if arrivals are positive then departures are zero and if departures
are positive arrivals are zero. This is a direct consequence of arrivals being costly but not
departures and the goal of economizing costs. However, this is highly counterfactual: In the
data arrivals and departures are always positive.

and from equation (C.61) that

C.7. Moving costs imply quadratic adjustment costs on population changes

Suppose that a(x,s,m) > 0 and [ (x,s,m) > 0. Then, from equations (C.54) and (C.55) we
have that

a(x,s,m) A () (p(m,s7m)—x>+ Vo <1¢1 (m) é>+é
T o+ H T Vo + H P

TP
l(z,s,m) p(z,s,m) —z (0 LYy (m) A A
( ¢2+H)( x >+¢2+H<§ {5 _F>+F (C.65)

Substltutlng these expressions into the moving costs described by the second line of

equation (C.39) gives
2
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Then, the city social planner’s problem in equation (C.39) can be written as:

W1 (m) oAl
(H+1v) H+ypP

(p—x)

V (z,5,m) = max {¢r (m) sp’ —n(p—z) + s (m)p (C.66)
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[>0 (C.68)
r=p (C.69)
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Then the city social planner’s problem can be written as:

V (2, 5,m) = max {pr (m) sp” — @n (p — x) + (m) p (C.70)

A A H —z\’
+o (]—D,m) +F(1—3,m) (p—z)— H—ibzbz (px:t) x+6%:V(x',s',m)Q(S/,S)}

subject to:

a>0 (C.71)
>0 (C.72)
r=p (C.73)

Thus, the structure of moving costs imply quadratic adjustment costs on population
changes. Observe that the slope of equation (C.64) is extremely informative about the
magnitude of these quadratic costs.

C.8. Equivalence with endogenous labor supply and mobile capital

For simplicity we derive the equivalence under the assumption of a single permanent city
type. The extension to multiple types is trivial.

The city planner’s problem for the model with endogenous labor supply and mobile
capital is the following:

V (z,z) = max {(bzno‘/’{;7 — Bn ™' — ork — ¢ (a + %x) + onl (C.74)
2% z Y N (S
subject to
p:x+a+%w—l (C.75)
a>0 (C.76)
>0 (C.77)
' =p (C.78)

where the constant values (A, ¢, n,r) are taken as given.
The first order condition with respect to k is

()
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Therefore,
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Then, the return function can be written as follows:
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Then the city-planner’s problem for the model with endogenous labor supply and mobile
capital maps exactly to the reduced model analyzed in this appendix.

D. Solving the Model

While representing the solution of the economy-wide social planner’s as the solution to a
city planner’s problem plus side conditions is a huge simplification, computing the solution
to the city planner’s problem remains a nontrivial task.

The value function of the city planner’s problem has one endogenous variables and two
exogenous state variables. Each exogenous state variable takes values in a finite grid but
this grid cannot be too coarse if the resulting discrete process is to represent the original
AR(2) in a satisfactory way (in computations, we use 25 values for each exogenous state).
To simplify the task of computing the value function we use spline approximation on the
endogenous state variable.

Cubic spline interpolation is usually used in these cases. A difficulty with these methods
is that they do not necessarily preserve the shape of the original function, or if they do (as
with Schumacher shape-preserving interpolation) it is somewhat difficult to compute. For
these reasons, we use a local method that does not interpolate the original function but that
approximates it while preserving shape (monotonicity and concavity). An additional benefit
is that it is extremely simple to compute (there is no need to solve a system of equations).
The method is known as the Shoenberg’s variation diminishing spline approximation. It was
first introduced by Shoenberg (1967) and is described in a variety of sources (e.g. Lyche and
Morken (2011)).

For a given continuous function f on an interval [a,b], let p be a given positive integer,
and let 7 = (71, ..., Tp+pt1) be a knot vector withn > p+1,a <7, <b, 7, < 741, Tp41 = a and
Tat1 = b. The variation diminishing spline approximation of degree p to f is then defined as

Sy (z) = Zf (T;) By (2)

where 77 = (7j41 + ... + 7j4p) /p and By, () is the jth B-spline of degree p evaluated at .
The B-splines are defined recursively as follows
T —T;

B. = —j B —
P (13) Tijtp — Tj a1 (x) * Tj+14p — Tj+1

MBJ’—H,;)—I ()
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Bijo (z) = { 0, (J)’ch(elrxzslise]Jr

We solve the city planner’s problem by iterating on its first-order and envelope conditions,
and use the variation diminishing splines to approximate the derivatives of the value function.
As a consequence, the critical property of the spline approximations for our purposes is that
they preserve the strict monotonicity of the derivatives of the value function (since the value
function is strictly concave). However, the fact that the variation diminishing splines also
preserve the concavity of the original function f (e.g. Lyche and Morken (2011), Section
5.2) and that their definition can be easily generalized to functions of more than one variable
using tensor products (e.g. Lyche and Morken (2011), Section 7.2.1), should make this class
of spline approximations extremely useful in a variety of other settings.

In actual computations we worked with variation diminishing spline approximations of
degree p = 3.

Statistics under the invariant distribution were computed using Monte Carlo simulations.
This part of the computations was offloaded to graphic cards to exploit their massively paral-
lel capabilities. To avoid costly computations similar to those encountered in the evaluation
of the return function, cubic spline approximations were used for the decision rules.

Speeding up the solution to the city planner’s problem and Monte Carlo simulations was
convenient since finding solutions (C, A, n) to the side conditions requires solving the city
planner’s problem and simulating its solution several times.

The source code, which is written in CUDA Fortran, is available upon request. Compiling
it requires the PGI Fortran compiler. Running it requires at least one NVIDIA graphic card
with compute capability higher than 2.0. In our case we used a system with two Tesla V100
graphic cards, totalling over 10,000 NVIDIA CUDA cores.

E. Inter-state and Inter-city Migration Costs in the Kennan and Walker (2011)
Model

We now justify our conclusion that it is valid to apply Kennan and Walker (2011)’s estimate
of migration costs in our environment. The argument is based on a calibrated model that
incorporates the essence of the individual discrete choice problem studied by Kennan and
Walker (2011) within an equilibrium setting.

There are N locations called cities. Each city ¢ is associated with a wage that is fixed
over time, w;.>> A person living in city i receives the wage and then receives a vector of i.i.d.
preference shocks, one for each city including the person’s current city, e = (e, es,...,en).
After receiving the preference shocks, the person decides whether to move. The expected
value of living in city ¢ before the shocks are realized but after the wage is paid is

Vi = E[‘max {%_C(Zj)“—ej_‘_ﬁ‘/}}}

35For simplicity we abstract from idiosyncratic wage shocks included by Kennan and Walker (2011).
Kennan and Walker (2011) assume that individuals are finitely lived and only know the permanent component
of wages of their current city and any city they have lived in previously. In an infinite horizon context
individuals eventually live in every city and therefore have knowledge of the complete wage distribution.
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Let s denote the state (a unique grouping of cities) containing city ¢ and s’ the state con-
taining j. The moving cost function ¢ (i, j) is

0, ifi=j
c(i,j)=14 ¢, ifi#jands=3s
co, ifi#jand s# s

People pay no moving costs if they do not move, and in-state moving costs ¢; may be
different than out-of-state moving costs cs. Allowing ¢, to be different from ¢, is in the spirit
of Kennan and Walker (2011)’s finding that moving costs increase with distance moved.*

Following Kennan and Walker (2011) we assume that the preference shocks are drawn
from the Type 1 Extreme Value Distribution. Given a wage for each location w; and the
parameters of the model, «, 3, ¢; and co, we compute the value functions using backwards
recursion. We start with a guess of the expected value functions for every j =1,..., N. Call
the current guess of the expected value function at location j as V;. We then update the
guess at each i =1,..., N

Vi = bg{i[exp(%—¥+5‘7jﬂ}+c

j=1

where ( is Euler’s constant and ‘71 is the updated guess. We repeat this entire process until
the expected value functions have converged, that is until V; is equal to V; at each of the
1=1,..., N cities.

We set N = 365. For each city, we set w; equal to the average wage in the corresponding
MSA in 1990 (the year Kennan and Walker (2011) use to calculate average state wages) in
thousands of dollars. For states that span multiple MSAs, we set the state s as the state
where most of the population of the MSA lives in 1990.%"

We assume that 5 = 0.96, leaving three parameters to be estimated: «, which scales
the shocks into dollar equivalents, and the two moving costs ¢; and c¢;. We estimate these
parameters by targeting three moments: the average rate of individual migration across all
MSAs, 4.47 percent, the average rate of across-state migration, 3.0 percent, and the average
flow benefit scaled by average wage experienced by migrants, 1.9. For a worker moving from
city ¢ to city j, the flow benefit (scaled to dollars) is a (e; —e;) — ¢ (4,7). Our target value
of the average flow benefits of across-state movers scaled by average wage is taken from
estimates produced by Kennan and Walker (2011) (see footnote 21 in the main text.) We
use data from the IRS for 1990 to compute across-MSA and across-state migration rates.
Our estimate of the across-state migration rate is almost identical to the estimate reported
in Table VIII, page 239 by Kennan and Walker (2011) of 2.9 percent.

We compute all three moments analytically. The probability agents migrate to location

36See the estimate of 4, in Table II on page 230 of their paper.
37Some MSAs span multiple states and this may introduce some error because within-MSA across-state
moves that are truly within MSA will be misclassified as moves to a new labor market.
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J given their current location of i, v (7,4) has the straightforward expression

- exp (4 — 42+ V)
100 =

5o (-2 o))

k=1
We construct the N x N matrix I, with individual elements ~y (j, ), and determine the steady
state distribution of population across metro areas, the N-dimensional vector p, such that

p = I'p. Given p, we compute the probability of any move at the steady-state population
distribution as

ﬁ: p (i) [Z v (4, i)]

i=1 j#i

and the probability of an across-state move as

ZN:/)(%') LZ ’Y(j,i)]

=1 #i,5'#s

For the third moment, it can be shown that the expected increase in continuation value
from a worker choosing the optimal location as compared to an arbitrary location is a
function of the probability the worker chooses the arbitrary location. For example, for a
worker that optimally moves to location j, the expected increase in value, inclusive of flow
utility and discounted future expected value, over remaining in the current location ¢ is
—logvy (i,7) / (1 —~(i,1)), see Kennan (2008). The expected increase in current flow payoff
for all moves from j to i is therefore

The average of this second term across all moves, from ¢ to all j # i, is
J7F1 _J7

Z’Y(kvi) a 1_7(iai>

ki

—B6(V; = Vi).

The denominator is the probability a move occurs. Thus, conditional on moving, the average
benefit of all moves that occur relative to staying put is

Y (=) [ —log (i,i) = > v (i) B(V; = Vi) |
i <1—’}/(2,Z) < ( ) — ( ) ( J )
We divide this expression by average wage (appropriately scaled), evaluated at the steady

state: D p (i) w;/ov.
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We use the Nelder-Meade algorithm to search for parameters and we match our 3 target
moments exactly. Our parameter estimates are ¢, = 76.7, ¢ = 116.6, and o = 17.6. For
reference, the mean wage at the steady state population distribution is 39.051 ($39,051). Our
estimates of ¢; and ¢y imply that in-state and out-of-state moving costs are twice and three
times average wages, respectively. These large costs generate low mobility rates in the face
of large permanent wage differentials across metro areas. However, the estimated value of a
implies that the mean and variance of the preference shocks are large. This large variance
generates shocks large enough to induce people to move given the high costs of moving.

To determine the size of the bias in the Kennan and Walker (2011) estimates from using
across-state moves, rather than across-MSA moves, we run 100 simulations of the model,
simulating 600,000 people per MSA in each run. This generates approximately 27,000 moves
to any MSA and 20,000 out of state moves for each MSA in the simulation. In each simulation
run, we compute the economy-wide average flow benefits to across-state movers scaled by
average wages. Averaged across the 100 simulations, the average benefit to across-state
movers scaled by average wage is exactly 2.0, 0.1 higher than the average simulated benefits
accruing to all movers. The bias is therefore 5%.%® We find that a bias of this size does not
affect our conclusions.

F. Calibration of the recruitment efficiency parameter H

In this appendix it will be useful to allow for the measure of cities in the economy to be
different than one. In particular, we assume that

> A(m) =M.
m
We continue to assume that

> X(m) /WO (50, To, S0, m) = P.

m

In the model the average moving cost of agents that actually move is given by

2 A (m) f <_¢1 (m) l(%i’m) + 4 (l(%;vm)> ) xdeer A(m) [ q(z,s,m)a(z,s,m)du™ + cTA
S A(m) [z, s,m)du™ Yoo A (m) [a(z, s,m)du™ + A '

while average wages are given by

J, =

Y
Jy = a—.
“N
The Kennan-Walker statistic J is then given by
Je
J=—
Juw

38Measured across the 100 runs, the standard deviation of the percent of the bias is 0.2%, the minimum
bias is 4.6% and the maximum bias is 5.7%.
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Observe that
a(z,s,m)

q(z,s,m) = 2cH
T

and, from equation (21), that
:—Z/\ /2Ha (x,s,m)du™

Also define the intercept of the adjustment rule

a A i (m) () p—x H A
E+Ta_2(w2+H)+(¢2+H)< " >+<¢2+H)F

i (m) H A

o) = S ) T (s H) P
Vs (1¢1(m)_§)+§

Yo+ H \2 P P

Observe that ¢ (m) is the fixed effect term in our empirical analysis.

Then,

e M) [ (v (m) s, (Uesm) ) gy
J ZCHZm)\(m)f““m du™ + et A m !
c S A (m) [a(z,s,m)du™ + A S A (m) [z, s,m)dpm
C2eH Y, A (m) [l g e Y, A (m) [ (m) gy
S A (m) [a(z, s,m)du™ + A SoaA(m) [, s m)d,u

eSS A (m) [ 1) ( xsm)) wdu™
Yo A (m) [ Uz, s,m)du™

+

It follows that

P1(m) I(z,5,m)

7 2C%Zm>‘(m)fawm dp™ + oA ey, A(m) w = xdu"™

B (
vy S, A (m) [a(z,s,m)du™ +A aA(m) [z, s,m)dum
> A (m) [ <w> wdu™
S A (m) [ a:,s,m)du

ZC%Zm)\(m)f““m dp™ + e oA
So. A (m) [a(z,s,m)du™ +A

_|_

CEAOI ] g s () s
S A (m) [z, s,m)dpm i S A (m) [z, s,m)dpm
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S A m) [z, s,m)dpm " 2w A(m) [, s, m)dpm
Thus
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_ Q%E( > ) 2Pw2Ea( S, m)
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ﬁE [¢ (m) ! (I, 8y m)] A A El(w,s,m)2
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Also, observe that the slope of the arrival rate rule is

(S|
= H
o+ H L+ 7

Thus, the slope determines £ e In particular

H 1
vy slope
In turn, we can write
Juw Y o
TN T (N (P
c N (F)(F)
It follows that . | J J .
—J= <_C) . (F.1)
(e ¢2 o (7”)
Conditional on some value for 4 5, We can obtain CV”Q from the the slope of the arrival
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rate rule w;/’fH, the average population size of cities %, and the following cross-sectional

moments:

a? 12

E {—] JEla]l,Epl],E[l], and F {—} :

x x
Observe that given some empirical measure of total arrivals in a city a + %x, a can be
obtained from the % value being conditioned on and the size of the city in the previous
period x. Thus, empirical counterparts for these moments are readily obtainable.

In turn, “¢ is obtained from the labor share o, the fraction of total population that works

% and the aggregate consumption/output ratio %.

Given a value for Kennan and Walker’s estimate, which we assocate with v, equation
(F.1) then implies a value for 1¢,. Given this value for i, the slope of the arrival rate rule

ij = then implies a value for H.

Thus, H can be fully calibrated (conditional on some value for %) using measurable
empirical moments.
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