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Abstract

We examine the responsiveness of labor participation, unemployment and labor migration to

exogenous variations in labor demand. Our empirical approach considers four instruments

for regional labor demand commonly used in the literature. Empirically, we find that labor

migration is a significant margin of adjustment for all our instruments. Following an increase

in regional labor demand, the initial increase in employment is accounted for mainly through

a reduction in unemployment. Over time however, net labor in-migration becomes the domi-

nant factor contributing to increased regional employment. After 5 years, roughly 60 percent

of the increase in employment is explained by the change in population. Responses of la-

bor migration are strongest for individuals aged 20-35. Based on historical data back to the

1950s, we find no evidence of a decline in the elasticity of migration to changes in employment.
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1 Introduction

In 2010, the population of Williston, North Dakota was 14,716 people – up from 12,512 a decade

earlier. By 2020 the population in Williston had increased to 29,160 people. The reason for the

dramatic surge in population was the discovery and development of oil fields in the Bakken For-

mation. Workers were drawn to Williston and other nearby towns because of high and rising

wages and record low unemployment rates. The migration of labor has a long history in the

United States. The California gold rush of the 1850s and the regional construction booms of the

early 2000s are both well-known examples of workers moving to opportunity. In contrast, Detroit,

Michigan – once one of the largest and wealthiest cities in the U.S. – has been shedding workers

and residents for decades due to the declining fortunes of the American auto industry. According

to the Census, in 1950, Detroit had a population of more than 1.8 million people. By the time of the

2020 decennial census however, Detroit’s population was only 640 thousand. The ebb and flow of

workers across regions is clearly part of the dynamism of the U.S. labor market. In a well-known

study of labor market dynamics in 1992, Blanchard and Katz (1992, hereafter: BK) concluded that

the dominant equilibrating mechanism to a regional shift in labor demand was worker migration.

That is, following an increase in labor demand, while local unemployment falls and labor partici-

pation rises, the main source of additional labor comes from workers moving to the region from

elsewhere.

In contrast to the early study by BK, there is a growing sense among researchers that workers

today are less willing to relocate from struggling locations to booming locations than were their

predecessors.
1
Indeed, as Figure 1 shows, the rate of migration between U.S. states has declined

over the last 40 years. The figure shows the gross cross-state migration rate (the average of in-

migration plus out-migration divided by state population) since 1976. The figure is based on data

from the Internal Revenue Service (IRS) that capture the year-on-year changes in address associ-

ated with tax returns. The figure supports the view that migration rates declined steadily from

1975 to the early 2000s, with some evidence that they have since stabilized at roughly 3 percent.

The secular decline in labor mobility is considered to be an important contributor to the overall

decline in U.S. labor market flexibility (Molloy et al., 2016).

The fact that migration rates have declined, however, does not necessarily mean that labor mo-

bility has becomes less responsive to regional economic disturbances. In this paper we examine the

joint responsiveness of labor migration, labor force participation and unemployment to plausibly

1
Jia et al. (2023) provide a comprehensive overview of recent research on changes in U.S. migration patterns.
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Figure 1: Gross cross-state migration rate, 1976-2021

Note: The figure plots the gross cross-state migration rate, based on IRS data, computed as

1
48

∑48
i=1 0.5

In-migrantsi,t+Out-migrantsi,t
Non-migrantsi,t+Out-migrantsi,t

, i.e. for each year we divide the average number of migrating tax

returns by the number of all tax returns observed in t that originate from state i, and then average across states.

Note that we exclude Alaska and Hawaii. A number of authors have pointed to inconsistencies and changes

in methodology in the collection and production of the data starting from 2011-2012, when the IRS took over

responsibility for providing these figures from the Census (see, e.g. DeWaard et al., 2022). These changes make

the post-2012 data not comparable with the pre-2012 data, and likely explain the wild swings in 2014-2016, where

the numbers are not reliable and are therefore greyed-out in the plot. Nonetheless, we believe post-2012 is still

informative to have a sense of overall trends.

exogenous variations in labor demand. We abstract from long-run trends in migration flows be-

tween regions and instead focus on migration reactions to specific economic shocks. Our analysis

allows us to gauge both the total regional response to labor demand shocks and the decomposi-

tion of the response. We base our analysis on four well-known instruments for labor demand at

the regional level. Specifically, we consider an industry-share instrument (based on Bartik, 1993

and similar to Dao et al. (2017)), a military spending share instrument (based on Nakamura and

Steinsson, 2014 and Auerbach et al., 2020), an import share instrument, i.e. the “China Shock”

(based on Autor et al., 2021), and a regional housing instrument (based on Mian and Sufi, 2014).

We consider three regional aggregation levels: states, commuting zones (CZs) and counties.

Our results suggest that labor mobility remains an important channel for labor adjustment

despite the decline in gross migration rates. An increase in labor demand causes an equilibrium in-

crease in employment. Initially, the increase in employment is accounted for primarily by a reduc-

tion in regional unemployment. According to our estimates, in the year of the labor demand shock,
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roughly 80 percent of the increase in employment comes from lower local unemployment rates

with the remaining 20 percent coming from elevated labor force participation and in-migration

of workers. After five years however, the picture changes. Roughly 60 percent of the long-run

change in employment is accounted for by the net migration of workers. The labor migration re-

sponse is strongest for individuals in the 20-35 age range suggesting that much of the migration is

due to younger workers seeking employment opportunities. The importance of the labor mobility

channel is also more pronounced for urban, higher-income, and more college-educated counties,

pointing to underlying differences in migration patterns by demographic characteristics.

Extending our dataset back to the 1950s allows us to examine changes in the migration elas-

ticity over time. Using the industrial composition instrument, we show that the responses of

employment and population at the 5-year horizon to labor demand shocks fluctuate over time.

To the extent that researchers base their conclusions on different time periods, this could explain

why they come to different conclusions about the importance of labor mobility. However, the elas-

ticity of migration to labor-demand induced changes in employment (the ratio of the population

response to the employment response) is approximately constant over the full sample.

We also further distinguish between jobs and employment, highlighting the importance of

an additional adjustment margin, the jobs-to-employment ratio, that is especially relevant on

impact at the state level and captures the importance of dual job-holding and commuting. Finally,

we do not find significant differences in the role of mobility for positive versus negative shocks,

but we decompose net migration into in-migration and out-migration, and into cross-state and

within-state migration. We find in-migration is more important than out-migration, and cross-

state mobility is more important than within-state mobility.

Our results speak to the large and growing literature on the extent of labor mobility in the

United States. While BK argued that labor mobility was the dominant adjustment mechanism,

subsequent studies found a smaller role for regional labor mobility (Dao et al., 2017; Fieldhouse

et al., 2024). Studies focused on the Great Recession (e.g., Mian and Sufi, 2014 and Yagan, 2014)

and on the effects of Chinese import penetration (e.g., Autor et al., 2021) find a smaller role for

migration in equilibrating regional labor markets. The view that regional labor mobility has de-

clined, has led some analysts to simply ignore migration as a possible adjustment mechanism (see

for instance Nakamura and Steinsson, 2014; Beraja et al., 2019).

Not all recent research supports the view that labor migration has faded in importance how-

ever. For instance, Foote et al. (2019) study the effects of mass layoffs on regional employment

and find that “the predominant adjustment mechanism following a mass layoff event is migra-
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tion.” However, like other researchers, Foote et al. (2019) find that migration played a substantially

smaller role during and after the Great Recession. In recent work, Foschi et al. (2023) show that

while there was a temporary reduction in the responsiveness of migration in the years leading up

to the Great Recession, migration elasticities during the crisis were comparable with the 1970-2000

period. Recent studies that focus on environmental disasters also find strong regional effects of

migration as workers move out of distressed areas.

From a policy perspective, it is important to have a clear picture of how readily workers relo-

cate in response to shocks. If the labor market is fluid and workers can relocate freely, then policy

efforts can focus on addressing business cycles at the aggregate level. Alternatively, if workers

are not able to move from hard-hit locations, place-based policies might be necessary to address

regional downturns. Our paper provides estimates of both short-run and long-run migration elas-

ticities, key factors in evaluating alternative policies.
2

2 Overview of Research Design

We begin by discussing the basic econometric specifications used in our analysis. Our objective

is to quantify the role that labor migration plays in the adjustment of employment following

a shift in labor demand.
3
We first present our decomposition of regional employment changes

into changes in the unemployment rate, labor force participation rate, and regional population

(i.e. migration). After discussing the data for these variables, we present OLS estimates on the

historical co-movement between population and employment. Aware of the shortcomings of this

setup, we then discuss our econometric approach to decompose labor-demand-driven changes in

employment into changes in unemployment rates, participation rates and population.

2
In recent work, O’Connor (2024) studies the intertemporal tradeoff between policies that support workers in

hard-hit areas and providing incentives to relocate in the long-run.

3
Note that we restrict our attention to changes in the extensive labor margin, that is changes in the number of

workers employed. We do not study changes in the intensive labor margin—changes in the number of hours worked

per person.
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2.1 Decomposition of Employment Growth

For any region i and time t, we can express total regional employment, Ei,t, as
4

Ei,t =

(
1− Ui,t

LFi,t

)
︸ ︷︷ ︸

1−uri,t

× LFi,t

POPi,t︸ ︷︷ ︸
LFPi,t

×POPi,t.

where Ui,t denotes the total number of people unemployed, LFi,t = Ei,t + Ui,t the labor force,

and POPi,t the population. Let uri,t denote the unemployment rate and let LFPi,t denote the

labor force participation rate respectively. Taking logs and first differencing gives us the following

relationship which holds by definition:
5

∆ lnEi,t = ∆ ln(1− uri,t) + ∆ lnLFPi,t +∆ lnPOPi,t. (1)

This identity allows us to decompose the log growth rate in employment (the left hand side) into

the log change in the employment rate (which approximately equals the negative of the log change

of the unemployment rate), the log change in the labor force participation rate and the log change

in population. In what follows, we interpret the change in population as net migration because

changes in population due to births and deaths are not directly affected by cyclical labor market

shocks.
6

4
Employment refers to the number of people residing in region i that are employed (anywhere). This is different

from the number of jobs in region i. Employees might work more than one job, and employees might live in a region

different from the location of their job, causing the number employed to differ from the number of jobs in a location.

It is possible that shocks to labor demand could affect the incidence of people working multiple jobs and the incidence

of commuting between regions. We return to the distinction between employment and jobs later in Section 3.1.6.

5
The labor force participation rate is typically defined as the number of employed or unemployed over the non-

institutionalizedworking-age population rather than the total population. Using that definition, would require includ-

ing a fourth term reflecting the ratio of the non-institutionalized working-age population to the overall population.

6
The population at date t is the population at date t− 1 times the gross birth rate 1 + bi,t, the gross survival rate

1 − di,t, and the net migration rate 1 + nmi,t. While we are not aware of any studies linking the number of births

to local business cycles, both Sullivan and Von Wachter (2009) as well as Pierce and Schott (2020) report somewhat

higher mortality among workers facing earning losses. For instance, Pierce and Schott (2020) report that counties

more exposed to import competition from China see a slight increase in “deaths of despair”, often associated with

drug overdoses. But quantitatively, these effects are small with an interquartile shift in counties’ exposure being

associated with a relative increase in mortality by 1 per 100,000. We therefore treat the log change in population as

being equivalent to the net migration rate. To a first-order approximation, the log change in population satisfies

∆ lnPOPi,t ≈ b̄− d̄+ nmi,t.

In our regression analysis, we include time fixed effects which reflect any nationwide trends in birth and death rates.
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2.2 Overview of Labor Market and Population Data

Here, we present an overview of the data used for our analysis. Details about the data associated

with specific instruments are discussed in separate sections below.

2.2.1 Levels of geographic disaggregation

Our analysis examines labor market and population responses at three levels of aggregation:

states, commuting zones (CZs) and counties. We drop Alaska and Hawaii, on the grounds that

they do not share a border with any other states and thus should be expected to have unusual

migration patterns; we also drop the District of Columbia.

The most disaggregated regional data we use is county-level data — an annual panel of N =

3, 049 counties. CZs are collections of counties grouped together in such a way that interrelated

economic and labor market activities are contained within their borders. CZs never cross county

lines, but they may cross state lines (e.g. New York and New Jersey). We use the 1990 definition

of CZs, which gives us N = 721 CZs.7 The most aggregated regional data we use are at the state

level (N = 48).

2.2.2 Labor market data

For each county, we obtain data on employment, unemployment, and labor force from the Local

Area Unemployment Statistics (LAUS) of the Bureau of Labor Statistics (BLS).
8
Employment from

LAUS measures the number of people employed as opposed to the number of jobs and follows a

place-of-residence concept as opposed to place-of-work (i.e. employed people are counted based

on where they live and not on where they work). Data is available at the county level starting in

1976.
9
Annual figures are computed as averages of the January-to-December monthly figures.

7
We use the crosswalk by Autor et al. (2013) to map counties into CZs. Note that all counties are included in a

CZ. On average, each CZ includes 4 counties. The smallest CZ has just one county and the largest CZ has 19.

8
Employment and unemployment figures in LAUS are estimated using the so-called Handbook method, which

uses as inputs a combination of data from the Current Population Survey (CPS), the Current Employment Survey

(CES), the Quarterly Census of Employment and Wages (QCEW), the American Community Survey (ACS), unem-

ployment insurance (UI) claims counts, and population estimates from the U.S. Census Bureau. The methodology

ensures that figures add-up to their state-level estimates, obtained separately with the CPS as the main input, and

the CES and UI claims as secondary inputs for employment and unemployment estimates, respectively.

9
Official data start in 1990. We obtained unofficial data for 1976-1990 upon request from the BLS. The BLS warns

that pre- and post-1990 data might not be fully comparable. In addition, there were a number of changes in the

estimationmethodology for county data, occurring in 1985, 2005, and 2015. The last two are part of decennial program

redesigns, whose updates are applied to the whole decade, so that the corresponding potential breaks would appear

in 2000 and 2010, respectively. We keep all these years for the baseline analysis, but carry out robustness checks by

excluding them from the sample and find that they do not affect results. Note that state-level figures are not impacted

7



In extensions of our baseline analysis, we integrate this employment measure with two addi-

tional ones: these are the employment figures from the Bureau of Economic Analysis (BEA) and

from the State and Area Employment, Hours and Earnings Statistics contained in the BLS’s CES.

The latter are available at the state level dating back to 1945, which allows for a more historical

extension of the analysis. The BEA data are available since 1969 and allow for finer disaggregation

down to the county level. Unlike the LAUS, both these employment measures count the number

of jobs and follow a place-of-work concept; for this reason, we will refer to them as "jobs" rather

than "employment" throughout the paper.

2.2.3 Population and migration data

For each county, we take population data from the BEA.
10
This is available at the county level since

1969, and at the state level since 1929. Population figures are reported as of July 1: to make them

comparable to the annual averages of the labor market data, we use the following adjustment to

construct the equivalent of a January-December average: Popi,t = 0.25Popi,t−1 + 0.5Popi,t +

0.25Popi,t+1. This adjustment assumes that population changes are equally spread across time

between the observed dates. We use the change in total population in a region as our main mea-

sure of net migration. For some regressions we break down the BEA population data using two

additional data sources. First, the Census also produces population data with a more detailed

demographic breakdown (age, sex, and race), which is published by the Survey of Epidemiology

and End Results (SEER) of the Cancer Institute and has the same time and geographic coverage

as the BEA population data.
11

Second, the Internal Revenue Service (IRS) has data on tax return

addresses, which is one of the inputs for the production of postcensal estimates, and results in

a separate dataset with individual migration inflows and outflows by county for the 1990-2022

period and by state for the 1976-2022 period.
12
The IRS data allow us to decompose net migration

by these changes.

10
This corresponds to the population data produced by the Census Bureau, consisting of decennial counts for

Census years, and intercensal estimates for non-Census years. Intercensal estimates are produced using a form of

interpolation to update postcensal estimates by correcting for the error of closure once a new Census year is reached.

Postcensal estimates in turn are produced by separately estimating the components of population change (births,

deaths, and domestic and international migration) and adding them up. Inputs for this estimation are vital statistics,

data from the Social Security Administration’s Numerical Identification File, Medicare enrollment, tax returns from

the Internal Revenue Service (IRS), and the American Community Survey (ACS). The IRS tax returns data also form

the basis for the IRS migration flow estimates described later.

11
See https://www.nber.org/research/data/survey-epidemiology-and-end-results-seer-us-state-and-county-

population-data-age-race-sex-hispanic.

12
Estimates of migration flows based on the IRS tax returns were produced by the Census and published by the IRS

between 1990 and 2011-2012. For the 1976-1990 period at the state level, we rely on data provided by Molloy, Smith,

and Wozniak (2011). Since 2011-2012, the migration figures are both produced and published by the IRS, which
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into immigration and emigration and to calculate gross migration rates.
13

2.3 Regional Employment Growth and Regional Net Migration

Consider a simple least squares regression of ∆ lnPOPi,t on ∆ lnEi,t − two of the key variables

we focus on in this paper. This regression will typically have a positive coefficient, so regions with

high employment growth tend to be regions that experience net in-migration (i.e., ∆ lnPOPi,t >

0). This could be because regions with high labor demand tend to have high wages and low

unemployment and thus tend to attract workers from other parts of the country. On the other

hand, a positive coefficient could also arise because workers move to a new area for personal

reasons (e.g. for better weather, to be closer to family, etc.) and then seek work when they get

there. Disentangling these two basic kinds of regional labor flows (labor-demand driven versus

labor-supply driven) is the main focus of this paper. Nevertheless, it is instructive to consider the

results of the simple OLS specification above as a starting point.

Here we consider the regression

̂∆ lnPOP i,t+h = αh + βh,t∆̂ lnEi,t + εi,t+h (2)

for different horizons h = 0, 1, 2, ... and years t. The i regions are U.S. states (excluding Alaska

and Hawaii). We denote the log difference in population between t−1 and t+h by∆ lnPOPi,t+h.

Note that we run this regression period by period, so that we estimate a different βh,t coefficient

for each year and each horizon. Hats are used to indicate that the variables have been double-

demeaned as follows (for any log-differenced variable Yi,t):

Ŷi,t = Yi,t − Yi − (Yt − Ȳ ) .

Here, Yi =
1
T

∑
t Yi,t is the long-run average for the state; Yt =

1
N

∑
i
Popi
Pop

Yi,t is a weighted year-

by-year cross-sectional average; and Ȳ = 1
T

∑
t Yt is the time-series average of the cross-sectional

means. Double-demeaning removes long-run average differences as well as common cyclical vari-

also rolled out some methodological changes; these changes are likely the reason behind the unusual fluctuations in

gross migration observed in 2014-2016, but, since they seemed to apply to both inflows and outflows similarly, the

net migration figures are not as affected. Since the IRS data is also an input into the production of the intercensal

population estimates, we conduct robustness checks by dropping the years after the new methodology is introduced

− we find that the population response is the same.

13
The American Community Survey provides another source of information about labor migration between states.

As we noted in FHPT, problems with the collection of ACS data make it a less reliable data source for the study of

migration than the IRS/Census data.
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ations. We do this because many regions have persistently high (or low) unemployment rates and

persistent in-(or out-) migration.

Figure 2a shows the estimated coefficient βh,t for h = 0 for each year over the 1945-2021 period.

Data on employment by state is only available since 1976. To expand the analysis backwards, we

also consider regressing population changes on changes in the number of jobs, for which longer

time series are available. Figure 2b shows the same year-by-year coefficients for the five-year

h = 5 cumulative population change. The average contemporaneous coefficient in Figure 2a is

0.26 over the full sample for jobs and 0.20 for employment. While there are some fluctuations

around the mean, the relationship has been fairly steady over the past eighty years. In a given

year, states that have employment or job growth that is one percent above average tend to have

current net in-migration equal to roughly one fifth to one quarter of a percent of the population.

The migration effect clearly becomes stronger over longer horizons (Figure 2b). At the h = 5 year

horizon, the estimated coefficients are approximately 1.

(a) Impact response (h = 0) (b) Five-year horizon (h = 5)

Figure 2: Coefficient of net migration on jobs and employment growth, 1946-2021

Note: The figure plots the estimated coefficient βh obtained from running (2) for h = 0 (left) and h = 5 (right) as

a repeated cross-section year by year. The x-axis displays year t, so that with h = 5 panel (b) stops in 2016 but uses

data up to 2021.

While these estimates are suggestive, without an instrument for labor demand, we cannot

draw a causal inference from higher employment to migration inflows. In the sections that follow,

we examine a number of different instruments for labor demand shocks to isolate the impact of

changing employment opportunities on the incentive to migrate and confirm that the net migra-

tion response is consistent over time and across instruments.

10



2.4 Econometric specification

Weare interested in understanding the role that labormigration plays in how regions in the United

States adjust to changes in employment driven by labor demand. Here we discuss our estimation

strategy for a generic response to a shift in labor demand. We describe the specific labor demand

instruments in greater detail in Sections 3.2.

Given a set of regional labor demand instruments Zi,t, we run a series of horizon-specific

regressions (i.e., local projections) for each variable of interest. Specifically, for each horizon h =

0, 1, ..., H , and for any left-hand-side variable Yi,t, we estimate the following regression:

Yi,t+h = αY
i,h + αY

t,h + βY
h Zi,t + ΓY

hXi,t + εYi,t+h (3)

The dependent variableYi,t+h will be∆ lnEi,t+h,∆ ln(1−uri,t+h),∆ lnLFPi,t+h or∆ lnPOPi,t+h.

Our baseline specification includes both horizon-specific time and region fixed effects. We discuss

the control vectors Xi,t below. Standard errors are clustered at the region level i, and regressions

are weighted by a region’s population share relative to the national population. The β coefficients

give the estimated log change in employment, unemployment, labor force participation and pop-

ulation at time t+ h associated with a change in the instrument at date t.

In addition to reporting the β coefficients, we also report responses normalized by the change

in employment. That is, for any left-hand-side variable Yi,t other than employment itself, we

calculate
14

γY
h = βY

h /β
E
h . (4)

These γY
h coefficients reflect the fraction of the change in employment attributed to changes in

Y . We are especially interested in γPOP
h , the elasticity of population to employment. For instance,

if a three percent increase in regional employment was achieved through a two percent increase

in net migration and a one percent decrease in unemployment then we would have βE = 0.03,

βPOP = 0.02 and βur = −0.01 while γPOP = 0.66 and γur = −0.33, suggesting that migration

accounts for two thirds of the employment response. It is important to note that this calcula-

14
We use the Delta method to calculate the corresponding standard errors. To obtain the necessary estimates of the

variance-covariance matrix, we stack the dataset, saturate it with a sample indicator, and run all regressions together

(Angrist et al., 2023; Angrist and Hull, 2023). An alternative would be to estimate γY
h and its standard errors directly by

regressing Yi,t+h on ∆ lnEi,t+h using Zi,t as an instrument for ∆ lnEi,t+h. This leads to the same point estimates,

but somewhat different standard errors. In our setup, the standard errors from this 2SLS approach are always smaller.
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tion masks any potential composition effects of migration. For instance, if in-migrants have rel-

atively higher labor participation rates then some of the measured change in LFP or ur will be

attributable to migration. This could be particularly true if in-migrants move only once they have

secured a job in their new location.
15

Given our decomposition (1), the estimated contributions should exactly sum to 1 for each

horizon h regardless of the econometric specification and provided that the right-hand-side vari-

ables in (3) are the same for each independent variable Y :

−γ̂ur
h + γ̂LFP

h + γ̂POP
h = 1.

Of course, the β coefficients and the γ coefficients are simply the first-stage and second-stage es-

timates from a 2SLS specification. However, for our purposes, they convey important information

about the changing nature of regional labor migration over time. The conventional wisdom is that

migration has become less responsive to economic shocks in the US since the early 1990s. Below

we will demonstrate that the elasticity of labor migration to shifts in employment demand has

remained more or less constant, but that the persistence of the employment response fell in the

1990s. This will translate into declining β coefficients and roughly stable γ coefficients over time.

The main challenge in conducting this analysis is the identification of exogenous changes in

the demand for labor that differentially affect regions across the United States; that is, in order

to say that a shift in labor demand in a given locality causes local employment to rise, we need

an instrument for local labor demand. We consider four widely-used proxy variables for a de-

mand shock: regional differences in industry demand (an industry Bartik), regional differences

in government spending, regional differences in Chinese import penetration and regional differ-

ences in house price changes. These proxies for labor demand are instrumented using shift-share

instruments and are discussed in detail below.

3 Estimates of the Migration Elasticity

In this section we present our estimates of the migration elasticity, γPOP
. Section 3.1 presents

results for the traditional Bartik instrument which takes shifts in industrial composition as the

15
Generally, if migrants have a higher employment rate than the average population, γPOP

will underestimate the

true contribution of migration. For example, suppose a state’s labor force participation rate is 60% and its unemploy-

ment rate is 5%. If an increase in labor demand by one worker is met by a migrant, and that individual arrives alone,

the regression would assign only 60% of the adjustment to the population margin.
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regional labor demand instrument. We discuss the results in this section at some length before

moving on to the other instruments. Section 3.2 considers other common instruments for labor

demand.

3.1 Industry-Mix Instrument

We begin by considering the industry-mix instrument originally proposed by Bartik (Bartik, 1993)

and later used by Dao et al. (2017) and Amior andManning (2018) in their analyses of migration as

a mechanism of labor market adjustment. This instrument is obtained by constructing, for each

region, the growth of jobs that would have occurred given the historical industrial composition of

jobs in the region, had each sector grown at the national growth rate. For region i at time t we

calculate

ZIND
i,t =

J∑
j=1

s̄ji,t−4:t−1

∆E j
t,−i

E j
t−1,−i

.

In this equation, E j
t,−i is the national number of jobs in industry j at time t, excluding region

i; and s̄ji,t−4:t−1 is the share of industry j in total jobs, in region i, averaged over the previous

four years (t − 4 to t − 1).16 The intuition for the Bartik industry instrument is that aggregate,

national fluctuations in an industry will be associated with changes in labor demand for regions

that specialize in that industry. For example, an increase in the national number of automobile

jobs causes a disproportionate increase in labor demand in Michigan relative to other states that

are less specialized in auto production. Note that the control vector (i.e., Xi,t in regression (3))

includes a lag of the instrument.
17

The industry-mix instrument has been widely used as a proxy for local labor demand shocks

(see among many other Bound and Holzer, 2000; Beaudry et al., 2014; Notowidigdo, 2020). A

recent literature in applied microeconometrics has helped clarify under what conditions these

shift-share instruments yield consistent estimates (Adao et al., 2019; Goldsmith-Pinkham et al.,

2020; Borusyak et al., 2022b). Most of the literature focuses on the single-cross section case, which

raises concerns that instruments might be correlated with alternative explanations. The panel

16
We also consider alternative ways of constructing the shares: we first average them over the previous 9 years

(so that the shares for, e.g., 1990 are constructed as the average of the 1981-1989 shares); we then average them over

the first 5 years of the previous 9 years, skipping the last 4 years (so that the shares for 1990 are constructed as the

average of the 1981-1985 shares). The results are robust.

17
We also ran regressions including a lag of the left-hand-side variable. The results are similar, but the resulting γ

coefficients of these regressions do not exactly add up to 1 because the right-hand-side variables are not the same for

each independent variable.
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dimension is helpful in this regard because the large number of shocks in the time dimension

reduces concerns of spurious correlation. The panel dimension also allows us to include time

fixed effects and state fixed effects, which soak up a number of confounding factors and deal with

time-varying means of the shifts (Borusyak et al., 2025).

Borusyak et al. (2025) point out that exogeneity of the time series variation in the shifts is

sufficient for consistent estimation. Since employment growth at the national level is an equilib-

rium outcome that is affected by both labor demand and labor supply, it is hard to argue that the

time-series variation in the shifts is exogenous. The main concern is that the instrument picks up

local labor supply shocks. For instance, if workers move to Arizona in response tomore widespread

availability of air conditioning, then the industries concentrated in Arizona will growmore quickly,

and the industry-mix instrument might capture labor supply shocks. Leaving out the state’s em-

ployment when calculating the shifts in the instrument partially addresses this concern, unless the

labor supply shocks are correlated with states’ industry compositions (e.g. if workers also moved

to Texas, and Arizona and Texas have similar industries).

Further below, we discuss that labor supply and labor demand shocks should move unemploy-

ment rates in opposite direction. Comparing our OLS estimates to those from using the industry

mix instrument suggests that the instrument does a better job at isolating labor demand shocks,

though some correlation with local labor supply shifts remains possible. In Section 3.2, we there-

fore look at alternative labor demand instruments and generally find similar results.

Data We construct the Bartik by combining data from the Quarterly Census of Employment

and Wages (QCEW), published by the BLS, to construct the shifts, and from the Census’ County

Business Patterns, in the version provided by Eckert et al. (2021), to construct the shares.
18

As in

the BEA and the CES, the employment concept in theQCEWand the CBP is a count of the number

of jobs by place of work. The advantage of using QCEW and CBP data for the construction of the

Bartik is the much richer level of industry detail that they allow: in creating the Bartik, we use

data at the highest available level of industry detail, which means 6-digits when using NAICS and

4-digits when using SIC; if that degree of detail is not available for an industry, we take data from

the next higher level of aggregation. This means that we can rely on approximately 1000 industries

18
While the QCEW also has data at the county level, we only use it for the computation of national changes in

industry employment, and rely on the Eckert et al. (2021) data to compute employment shares at the county level. A

key advantage of the Eckert et al. (2021) dataset is overcoming the problem of suppression: this is common to both

the QCEW and the original CBP data when looking at very detailed industries at the county level, for confidentiality

reasons. As a result, we believe that shares computed from the Eckert et al. (2021) version of the CBP data give a

more complete picture of the detailed industry structure of counties.
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overall.
19

We build CZ- and state-level versions of the Bartik as employment-weighted averages

of the counties they contain.

3.1.1 Baseline results

Figure 3 shows the estimated local projections for employment, the unemployment rate, the labor

force participation rate, and the net migration rate in response to a one unit increase in the Bartik

industry composition instrument. That is, the figure plots the βh coefficients from equation (3)

estimated on state-level data. The construction of the instrument suggests that the predicted

change in employment should be roughly 1 percent.
20

The estimated response is slightly less

than 1 percent on impact (h = 0) though the overall change in employment rises over time. The

predicted change in state employment is roughly 2.5 percent five years after the initial innovation

in the instrument. Unemployment falls on impact and remains almost 1 percent below its initial

value at all horizons. There is also a modest estimated change in labor force participation.

Our main coefficient of interest is the migration coefficient βPOP
h plotted in the lower right

panel. The estimates show that there is essentially no increase in population on impact. Instead,

state population rises steadily following the innovation. After five years, state population is pre-

dicted to increase by more than 1.5 percent.

Figure 4 shows the estimates for the γ coefficients associated with the β coefficients in Figure

3. The shaded regions reflect one standard deviation error bands. Because the estimates must

sum to one, we can interpret the point estimates as shares of the predicted employment response.

We see that on impact, roughly 80 percent of the increased employment is accounted for by a

reduction in state unemployment. In-migration and increased labor participation account for the

remaining 20 percent. As time passes however, these shares switch. At the five-year horizon, more

than 60 percent of the estimated increase in employment is due to increased state population

19
For the shift, using the QCEW, we rely on SIC data until 1997, the last year when it is available; starting from 1998,

we use NAICS data. Since the BLS reconstructed the NAICS going back to 1990, we compute the 1997-1998 change in

employment using the reconstructed 1997 NAICS data. This ensures there is no single period in which, between one

year and the previous one, we are computing differences in employment between different industry classifications,

thus preventing unexpected jumps. Similarly, for the shares, using CBP data, we rely on the concordance tables

constructed by Eckert et al. (2021) to convert old industry codes to new industry codes whenever we get to a year

when a new classification system is introduced. For instance, in 1997, when the shift variable is based on SIC, we

compute the average shares over 1993-1997 using the native SIC shares used in those years; however, in 1998, when

the shift variable switches to NAICS, we convert SIC codes to NAICS codes for 1994-1997 using the concordance

tables, append those to 1998, and finally compute the average shares. This ensures that we have always harmonized

the classification before computing averages.

20
More accurately, because the Bartik is based on a measure of jobs, the predicted change in jobs equals one, and

the predicted change in employment will be less than 1.
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Figure 3: Response to Bartik instrument at the state level

Note: The figure plots the estimated βh coefficients obtained from running (3) for each labor market variable at

different horizons h (x-axis) using the state-level dataset. The sample period is from 1976 till 2016, with projections

going up to 2021 (for h = 5). Shaded areas represent 90% confidence intervals.

while only 20-25 percent comes from reduced unemployment.

It is worth comparing the results to the literature: Based on a VAR identified by the assumption

that current shocks to employment growth are driven by labor demand only, BK find a substan-

tially larger response of migration, accounting for half the employment response upon impact

and all of it after five years. As pointed out by Dao et al. (2017), the identifying assumption in

BK is likely to be violated as both labor demand and labor supply shocks shift employment. For

instance, labor demand shocks that draw workers from other states also influence labor supply in

the states those workers leave, causing population, employment and unemployment rate to fall.

Alternatively, a state that observes a particularly large share of its workforce retiring might face

labor shortages that drive down employment (and the unemployment rate), but pull in workers

from other states. The correlation between population and employment induced by these labor

supply shocks is therefore ambiguous, depending on whether the labor supply shock is internal

to the state or external. But in both cases, labor supply shocks induce a positive correlation be-

tween unemployment rates and employment growth, in contrast to a negative correlation in the
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Figure 4: Ratio between each labor market response and the employment response

Note: The figure plots the overlapped γh coefficients defined in (4) for each labor market variable at different horizons

h (x-axis) using the state-level dataset. The sample period is from 1976 till 2016, with projections going up to 2021 (for

h = 5). Shaded areas represent 90% confidence intervals.

presence of labor demand shocks.

To the extent that the industry-mix instrument better isolates shifts in labor demand compared

to an OLS regression, we therefore expect a larger share of any increase in employment to be

accounted for by a fall in the unemployment rate. This is indeed the case: The unemployment

margin accounts for 81 percent of the impact employment response when using the industry-mix

instrument, but only 32 percent when using OLS. Dao et al. (2017) also use a shift-share design

to instrument for labor demand shocks and find comparable results for the impact responses:

the unemployment margin dominates the population margin in the short run (79 percent vs. 11

percent, see their Table 1), in line with our γ estimates in Figure 4.

3.1.2 Has Migration Become Less Responsive Over Time?

An important question is whether the estimates of labor migration elasticities have changed over

time. As we noted previously, several recent papers seem to find reduced levels of labor migration.

To get at this issue, we consider a sequence of rolling regressions in which we estimate equation

(3) on shorter sub-samples of the original data. The rolling regressions allow us to see how the

estimates change with different segments of data and show us whether the responsiveness of net

migration to local economic conditions has changed over time. Specifically, we run the following
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regression

Ŷi,t+h = αY
h + βY

h Ẑi,t + ΓY
h X̂i,t + εYi,t+h , (5)

where Yi,t is the cumulative log-change in jobs (based on the BLS-CES) and population (based on

the Census). Here, Zi,t is a composite Bartik: from 1976 onwards, it corresponds to our baseline

4- and 6-digit Bartik constructed from the QCEW and the CBP; for pre-1976, it corresponds to a

1-digit Bartik, constructed analogously using data from the CES. The control X includes a lag of

the instrument. Recall that hats are used to denote double-demeaned variables. Here, we split the

sample in two for this double-demeaning: pre-1976 values are demeaned using pre-1976 means

for Yi and Ȳ ; post-1976 values are instead demeaned using post-1976 means. This allows us to

control for long-run trends in a way that is analogous to our fixed-effects specification (which

is less suited for short 10-year windows) but does not impose the strong assumption of a single

trend for each state since the 1940s up until today. We focus on two dependent variables: jobs and

population.
21

Finally, the regression is population-weighted and standard errors are clustered by

state.

The upper panels of Figure 5 shows the estimated β5 coefficients on employment and popu-

lation. Each dot in the figure is an estimated coefficient for a ten-year rolling window (the dots

are plotted over the midpoint in each window, so, for instance, the coefficient for the 1980-1989

interval is plotted on 1984.5). Based on our estimates, both state population and state employ-

ment increase five years after the innovation in instrument. The effect of the labor demand shock

changes considerably over time and, according to the figure, has increased over the sample. Im-

portantly, the ratio of the population response to the employment response, the γPOP
coefficient,

has remained roughly constant over the past seven decades, as shown by the nearly horizontal

best-fit line in Figure 5c.
22
Most of the variation in the γPOP

coefficient arises during periods when

21
A few issues prevent us from exactly replicating the baseline decomposition from Figures 3-4 with pre-1976 histor-

ical data: the 4/6-digit Bartik is only available starting 1976; the data on employment (based on number of employees

by residence) is only available starting in 1976 (hence why we use jobs here); the data on unemployment is similarly

only available starting in 1976; consequently, labor force participation (which requires number of employed plus num-

ber of unemployed) is also only available starting in 1976. As a result, population is the only variable from Figures 3-4

that has consistent data both pre- and post-1976. Employment could be replaced by jobs (as we do here), unemploy-

ment may be replaced by a reconstructed series (e.g. Fieldhouse et al. (2024)), but labor force participation would still

not be available.

22
The attentive reader might notice that the γ value is below the value of 0.61 reported in Table 1. This is partly

due to the longer sample. The γ has slightly increased over time. Partly this is due to us considering the response of

the number of jobs in the denominator rather than the employment response. See Section 3.1.6 for a discussion on

this distinction between jobs and employment.
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(a) Jobs response (βE
5 ) (b) Population response (βPOP

5 )

(c) Ratio of population and jobs responses (γPOP
5 )

Figure 5: Historical jobs and population responses to Bartik instrument at the state level,

10-year rolling windows

Note: The figure plots, at the top, the estimates of the βh coefficients obtained by running (5) at horizon h = 5 using
double-demeaned state-level data over 10-year rolling windows (full sample period: 1946 - 2016); at the bottom, the γh
coefficient defined in (4) is obtained by taking the ratio of the resulting βh coefficients for population and jobs. Note

that the the coefficients are plotted against the midpoint of the rolling window, so the coefficient for 2010.5 refers to

the 2007-2016 sample, and with h = 5, this means using data up to 2021. Bars represent 90% confidence intervals.

The red line is a weighted least square fit, where the weights are the inverse of the standard errors.
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employment responses were historically low and estimated with less precision, leading to noisier

estimates of the γPOP
.

This analysis places recent research on labor mobility into a historical context. For example,

comparing the original BK sample (1976–1990) with subsequent data, Dao et al. (2017) conclude

that the “migration sensitivity to regional shocks has been strongly decreasing since the 1990s.”

This is consistent with the βPOP
coefficient depicted in Figure 5b: for the 1976–1990 samples

(midpoints 1980.5–1985.5), the βPOP
coefficient remains consistently above 2, whereas for 1990-

2007 (midpoints of 1994.5 to 2002.5), it hovers mostly around 0.5. Therefore, focusing on this

snapshot gives the impression that labor mobility indeed has plummeted. However, most of the

drop in the population response stems from a less persistent employment response. The decline

in the elasticity of migration to employment changes depicted in 5c is substantially smaller—and

by the 2000s it has fully recovered. Viewed from the perspective of history, there is therefore little

evidence that the contribution of migration to labor adjustment has diminished.

3.1.3 Migration Responses for Smaller Regions: Commuting Zones and Counties

We can also use the industry composition instrument to examine labor migration between smaller

geographical areas. Here we consider estimated labor migration responses for commuting zones

(CZs) and counties. Table 1 presents coefficient estimates for the h = 0 and h = 5 horizons. The

top panel of the table shows the β coefficients for each of the components of the employment

decomposition while the lower panel shows the γ coefficients—the elasticities with respect to em-

ployment. The top row shows the state-level estimates− these correspond to the local projections

in Figure 3. The second and third rows show estimates for CZs and for counties.

Focusing first on the β coefficients, the estimates for the impact period are similar across the

different regions. Notably, there is little to no net migration response in the impact period regard-

less of the level of aggregation. Interestingly, when we look at the longer-run reactions (h = 5) it

seems that the estimates are systematically smaller as we consider smaller regions. At the state-

level, the estimated change in employment after five years is 2.6 percent. However, the 5-year

estimate for CZs is only 1.7 percent and the estimate for counties is less than 1.2 percent. This

pattern continues to hold for the other variables. After five years, state population has increased

by 1.6 percent while CZ population has increased by 1 percent and county population by 0.6 per-

cent.
23
Nevertheless, for all regional aggregates, net migration becomes the dominant adjustment

23
These smaller estimates at the CZ and county level could be due to measurement error in the industry-mix

variable. The exposure shares at the county level are partially based on imputed values because the original industry-
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mechanism over time. The table also highlights a key distinction between the β and γ coeffi-

cients, echoing our findings on migration responses over time. While net migration appears less

responsive to labor demand shifts at more granular levels—reflected in smaller β coefficients—this

weaker response is almost entirely attributable to the muted employment response. The elastici-

ties with respect to employment (γ) are remarkably consistent across all levels of aggregation. At

h = 0, the γ coefficient on migration ranges from 0.11 to 0.14; at h = 5 the coefficient increases

to a range of 0.54 to 0.61.
24

Although the differences are not large, the point estimates suggest that migration elasticities

are somewhat smaller at finer geographic levels (see also Foschi et al., 2023, for a similar finding).

Intuitively, onemight expect workers to bemoremobile between counties than between states. Af-

ter all, our county-level regressions capture both cross-state moves and within-state relocations.
25

Using IRS data, we separate county-level migration flows into cross-state and within-state net

migration flows and re-run our local projections on each separately. While, unconditionally, 56

percent of county-level migration flows occur within state borders, within-state moves account

for only a quarter of the migration response to labor demand shocks. This does not fully resolve

the puzzling ranking of migration elasticities across levels of aggregation, but it mitigates the con-

cern. While overall mobility is indeed higher at the county level, much of it appears unrelated to

labor market conditions. Consequently, we should not necessarily expect migration elasticities to

employment changes to be much higher at the county level than at the state level, but the fact

that the point estimates are even lower remains puzzling.

3.1.4 Migration response by demographic and county characteristics

Up to this point we have relied on total population as the measure of migration flows. The Census

data allow us to look at the change in population in response to employment shocks for different

demographic groups. Figure 6 shows the coefficient on the change in population to state-level

labor demand shocks at the five-year horizon by age. The responses show that individuals between

the ages of 25 and 39 have the largest response to the labor demand shock and are therefore the

county level data is suppressed for confidentiality reasons (Eckert et al., 2020). Note that this measurement error

cancels out when calculating the γ’s. We also found that labor demand changes are less persistent at a more granular

level, which would also contribute to a smaller response.

24
These elasticities at the 5-year horizon are consistent with those estimated by Amior and Manning (2018) who

use a similar framework that relies on the Bartik instrument. Based on decennial census data at the commuting zone

level from 1950 to 2010, they estimate that a 10 percent decline in local employment leads to a 7 percent decrease in

population over a decade.

25
Wilson (2022) even finds that country-to-country migration drops off discretely at state borders.
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Short-run (h = 0) Long-run (h = 5)

Empl ur Lfp Pop Empl ur Lfp Pop

State

0.69
(0.14)

−0.57
(0.09)

0.03
(0.07)

0.10
(0.04)

2.60
(0.32)

−0.62
(0.17)

0.39
(0.14)

1.59
(0.23)

β CZ

0.95
(0.06)

−0.53
(0.04)

0.31
(0.04)

0.11
(0.02)

1.73
(0.17)

−0.15
(0.07)

0.58
(0.09)

0.99
(0.09)

County

0.63
(0.03)

−0.34
(0.02)

0.22
(0.03)

0.07
(0.01)

1.15
(0.08)

−0.07
(0.03)

0.47
(0.06)

0.62
(0.05)

State

−0.82
(0.22)

0.04
(0.10)

0.14
(0.07)

−0.24
(0.07)

0.15
(0.06)

0.61
(0.11)

γ CZ

−0.56
(0.06)

0.33
(0.05)

0.11
(0.02)

−0.09
(0.04)

0.34
(0.06)

0.57
(0.08)

County

−0.54
(0.04)

0.35
(0.04)

0.11
(0.01)

−0.06
(0.03)

0.40
(0.06)

0.54
(0.06)

Table 1: Labor market responses at different levels of aggregation

Note: The top half of the table displays the estimates of the βh coefficients obtained by running (3) for each of the

dependent variables listed at the top, with h = 0 on the left part and h = 5 for the right part. The bottom half displays

the γ coefficients, defined as the ratio between the β of the dependent variable of interest and the employment βE
.

The sample period is from 1976 till 2016, with projections going up to 2021 (for h = 5). Standard errors (in parentheses)

for the β’s and γ’s are clustered at the level of the region. All regressions are weighted by population.

most likely to relocate.
26
We find no statistical distinction between men and women, or between

races, although the standard deviations of the three race categories are large, making it difficult

to draw sharp conclusions (these results are not shown).

Althoughwe do not havemicro-data to exactly capture the characteristics ofmovers, we collect

data on county characteristics to assess potential differences in labor market responses associated

with features of a region or its demography. In particular, we focus on differences between urban

and rural counties; higher- and lower-income counties; and more- and less-educated counties.
27

For each pair of characteristics, we introduce an indicator variable into our estimation equation

that differentiates between the two. We code a county as urban if it is either metropolitan, non-

metropolitan but adjacent to a metropolitan county, or non-metropolitan with an urban popula-

tion, according to the categorization provided in the 2013 Rural-Urban Continuum Codes (RUCC)

by the Department of Agriculture (USDA). We code a county as higher-income if its income-per-

26
Kaplan and Schulhofer-Wohl (2017) and Molloy et al. (2017) examine the migration propensities of different age

groups and the implications for labor flows. In general, their findings suggest that, to the extent there is declining

labor mobility, it is not associated with the aging of the population.

27
We also look at income inequality, as measured by the Gini coefficient, but find that it is not associated with any

differences in responses.
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Figure 6: Population response by age

Note: The figure plots the estimated βh coefficients obtained from running (3) for each labor market variable at

horizons h = 0 (left) and h = 5 (right) using the state-level dataset. The sample period is from 1976 till 2016, with

projections going up to 2021 (for h = 5). Bars denote 90% confidence intervals.

capita (provided by the BEA) is in the top quintile for that year. Finally, we code a county as more

educated if its share of adults completing at least some college (provided by the USDA) is in the

top quintile for that year.

The results are presented in Table 2. Overall, labor mobility emerges as a more important

adjustment mechanism for urban, richer, and more educated. For urban-vs-rural counties, this

occurs because the employment response is similar, but the population response is stronger in

urban than in rural counties (for reference, the corresponding γ coefficients at h = 5 for population

relative to employment are 0.55 for urban and 0.42 for rural counties). For higher-income counties,

this results from both a weaker employment response and a stronger population response than

lower-income countries (the corresponding γ coefficients are 0.64 for higher-income and 0.45 for

lower-income counties). Finally, for education, the employment response is again similar, but

the population response is stronger for more educated than for less educated counties (the γ

coefficients are 0.62 for more educated and 0.49 for less educated counties).

3.1.5 Asymmetries in migration responses

We modify our baseline regression to examine two types of asymmetries: (i) differences in the re-

sponse to positive versus negative shocks and (ii) differences in in-migration versus out-migration.

As in the previous section, we conduct the analysis at the state level.
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Table 2: Labor market responses by county characteristics

Short-run (h = 0) Long-run (h = 5)

Empl ur Lfp Pop Empl ur Lfp Pop

Urban

0.69
(0.03)

−0.34
(0.02)

0.23
(0.03)

0.07
(0.01)

1.15
(0.08)

−0.06
(0.03)

0.46
(0.06)

0.63
(0.05)

Rural

0.45
(0.03)

−0.29
(0.01)

0.12
(0.03)

0.05
(0.01)

1.10
(0.08)

−0.15
(0.03)

0.48
(0.06)

0.46
(0.03)

Higher income

0.66
(0.04)

−0.31
(0.02)

0.26
(0.03)

0.09
(0.01)

1.06
(0.10)

−0.00
(0.03)

0.37
(0.06)

0.68
(0.06)

Lower income

0.61
(0.03)

−0.37
(0.02)

0.19
(0.02)

0.05
(0.01)

1.24
(0.08)

−0.13
(0.03)

0.56
(0.05)

0.56
(0.04)

Higher education

0.64
(0.04)

−0.29
(0.02)

0.26
(0.03)

0.09
(0.01)

1.18
(0.11)

−0.06
(0.03)

0.40
(0.08)

0.73
(0.07)

Lower education

0.63
(0.03)

−0.38
(0.02)

0.20
(0.02)

0.06
(0.01)

1.13
(0.07)

−0.07
(0.03)

0.51
(0.05)

0.55
(0.04)

Note: The top half of the table displays the estimates of the βh coefficients obtained by running (3) for each of the

dependent variables listed at the top, with h = 0 on the left part and h = 5 for the right part, and distinguishing

between different county characteristics. Standard errors (in parentheses) are clustered at the level of the region. All

regressions are weighted by population.

To distinguish between positive and negative shocks, we introduce an indicator variable into

our estimation equation that differentiates between the two. We allow all model coefficients to

vary based on the sign of the shock. Figure 7 presents the estimates. In the short run, we observe

a stark asymmetry: the employment effect of a positive shock is less than half as large as that of a

negative shock, with most of the additional response to negative shocks occurring through higher

unemployment. This finding aligns with theories emphasizing search and matching frictions in

labormarkets, where the firingmargin ismore responsive than the hiringmargin, aswell asmodels

that assume downward wage rigidity. In the long run, however, employment responses to positive

and negative shocks converge, with net migration accounting for most of the adjustment in both

cases.

Next, we decompose population changes into inflows and outflows using IRS migration data.

Figure 8 shows that employment-driven migration is primarily driven by variation in in-migration,

rather than out-migration. This pattern holds across all time horizons and is consistent with Mon-

ras (2018) who documents similar effects for the period of the Great Recession. Additional results

(not reported here) suggest that this pattern is similar for both positive and negative shocks. This

implies that when a state experiences a negative shock, the primary adjustment mechanism is
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not an exodus of workers but rather a decline in the number of new arrivals. This reduction in

labor supply helps stabilize the local labor market by lowering unemployment among those who

remain.
28

Figure 7: Labor market responses to positive and negative labor demand shocks

Note: The figure plots the estimated βh coefficients obtained from running (3) distinguishing between positive (left

part) and negative (right part) shocks. Both the impact response (h = 0) and the five-year response (h = 5) are
depicted for each labor market variable. The sample is at the state level and runs from 1976 till 2016, with projections

going up to 2021 (for h = 5). The bars indicate 90% confidence intervals.

3.1.6 Distinguishing between jobs and employment

Our baseline decomposition (6) breaks down employment growth into changes in the unemploy-

ment rate, labor force participation rate, and population growth. However, an additional margin

of adjustment to labor demand shifts is the ratio of jobs to employment. When labor demand

increases in region i, workers may take on multiple jobs, or some new jobs may be filled by com-

muters from outside region i. Incorporating jobs into the decomposition yields

∆ ln Ei,t = ∆ ln
Ei,t
Ei,t

+∆ ln(1− uri,t) + ∆ lnLFPi,t +∆ lnPOPi,t, (6)

where Ei,t denotes jobs in region i at time t. Table 3 presents the β and γ estimates from re-

estimating our local projections (3) at the state, CZ and county level but now including estimates

for βE
h and γE

h .

28
Monras (2018) rationalizes this finding in a structural model where households first decide whether to move

or not and in a second step, choose the destination based on labor market conditions. This makes households less

sensitive to economic conditions at home, but more sensitive to destination conditions conditional on moving.
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Figure 8: In- and out-migration response to Bartik instrument at the state level

Note: The figure plots the estimated βh coefficients obtained from running (3) for eachmigrationmeasure at different

horizons h (x-axis). The coefficient for out-migration has a flipped sign for readability and comparability with the net

migration and out-migration responses. The sample is at the state level and runs from 1976 till 2016, with projections

going up to 2021 (for h = 5). Shaded areas represent 90% confidence intervals.

In our baseline, we observed that state-level employment initially rises by less than the 1 per-

cent predicted increase in jobs (see Table 1). In contrast, the number of state-level jobs rises by 1

percent, consistent with the predicted increase. Thus, the number of jobs in region i rises more

than the number of employed workers does. Quantitatively, the job-to-employment margin (col-

umn ‘je’) accounts for nearly one-third of short-run labor market adjustment at the state level.

While the data does not distinguish between an increase in dual job-holdings and greater com-

muting, the near-zero job-to-employment margin at the CZ level suggests commuting plays a

strong role, even across state borders (e.g., New Jersey and New York or Kansas and Missouri).

Over time, this margin becomes less significant at the state level. In either case, in the longer run,

migration remains the primary adjustment mechanism.

The distinction between jobs and employment is also important when comparing our results

to the literature. Notably, the results in BK are often interpreted as saying that migration is the

dominant adjustment mechanism, even in the short run. This impression is partly based on a

misinterpretation of the results in BK. BK do not directly measure population flows across states,

but instead attribute the contribution of migration as the share not accounted for by movements

in unemployment or participation, as in our decomposition (1). But, instead of using employment

data, BK useCES jobs data. Themigration component in BK therefore captures not onlymigration,

but also changes in dual job holdings and commuting (as in (6)). When BK use CPS employment

data instead of CES jobs data, the migration component falls by 40 percent.
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Table 3: Labor market responses including jobs

Short-run (h = 0) Long-run (h = 5)

Jobs je ur Lfp Pop Jobs je ur Lfp Pop

State

0.99
(0.13)

0.30
(0.07)

−0.57
(0.09)

0.03
(0.07)

0.10
(0.04)

2.81
(0.30)

0.21
(0.16)

−0.62
(0.17)

0.39
(0.14)

1.59
(0.23)

β CZ

0.99
(0.05)

0.04
(0.04)

−0.53
(0.04)

0.31
(0.04)

0.11
(0.02)

1.87
(0.18)

0.15
(0.08)

−0.15
(0.07)

0.58
(0.09)

0.99
(0.09)

County

0.78
(0.03)

0.15
(0.03)

−0.34
(0.02)

0.22
(0.03)

0.07
(0.01)

1.41
(0.08)

0.26
(0.06)

−0.07
(0.03)

0.47
(0.06)

0.62
(0.05)

State

0.31
(0.08)

−0.57
(0.12)

0.03
(0.07)

0.10
(0.05)

0.07
(0.06)

−0.22
(0.06)

0.14
(0.05)

0.57
(0.10)

γ CZ

0.04
(0.04)

−0.53
(0.03)

0.31
(0.04)

0.11
(0.02)

0.08
(0.04)

−0.08
(0.03)

0.31
(0.04)

0.53
(0.04)

County

0.19
(0.04)

−0.43
(0.02)

0.28
(0.03)

0.09
(0.01)

0.19
(0.04)

−0.05
(0.02)

0.33
(0.04)

0.44
(0.03)

Note: The table displays the β’s and γ’s for the Bartik instrument when looking at jobs instead of employment, based

on decomposition (6). See also notes to Table 1.

3.1.7 Accounting for outside options

Our baseline regression ignores that netmigration in a given location is driven not only by the labor

demand shock to that location but also by the shocks to potential alternative locations (Borusyak

et al., 2022a). Even if workers are responsive to local labor demand, there will be little incen-

tive to migrate if workers’ current and potential alternative locations face the same labor market

conditions. This problem is worse for regions with similar industrial composition and with large

migration flows. For instance, consider Ohio and Michigan: two states that both specialize in

car manufacturing and have large cross-state migration. A drop in demand for cars will increase

unemployment in both states, but there will be little incentive to migrate between the two states.

Omitting the outside option from the regression will bias the migration response. In Foschi et al.

(2023), we partially address this concern by including a measure of labor demand of a region’s

“migration partner”, calculated as a weighted average across likely destinations and origins of

movers. Following this approach, we estimate

∆ lnPOPi,t+h = αPOP
i,h + αPOP

t,h + γPOP
h ∆ lnEi,t+h + γPOP,partner

h ∆ lnEpartner
i,t+h + ΓPOP

h Xi,t + εPOP
i,t+h

(7)
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using as instruments for ∆ lnEi,t+h and ∆ lnEpartner
i,t+h the industry-mix instruments ZIND

i,t and

ZIND,Partner
i,t ≡

∑N
p=1 s̄

p
iZ

IND
i,t , with s̄pi indicating the average weight of state p in state i’s set of

movers’ origins and destinations.

Figure 9: Controling for labor demand shock in effective partner

Note: The left panel plots the estimated γPOP
h coefficients obtained from running (7) at different horizons h (x-axis),

together with the corresponding γPOP
h from the baseline regression that does not control for labor demand shocks in

states’ effective partner. The right panel plots the estimate of γPOP,partner
h . The sample is at the state level and runs

from 1976 till 2016, with projections going up to 2021 (for h = 5). Shaded areas represent 90% confidence intervals.

Figure 9 shows the estimates: Migration responds negatively to employment growth in a

state’s partner, with a slightly larger absolute effect than its response to local employment growth.

However, large standard errors prevent rejecting the null of equal-sized responses. Including part-

ner employment growth in the regression only slightly increases estimates of γPOP
h (e.g. 0.67 vs.

0.61 for h = 5). The omitted variable bias in the baseline regression follows an intuitive pattern:

Since employment shocks are positively correlated between states and their partners (0.32), the

baseline regression understates migration responses. It overlooks that worsening labor market

conditions in one state often coincide with weaker conditions in alternative destinations, reduc-

ing migration incentives. The magnitude of this bias depends on the volatility of the omitted vari-

able. In our case, after controling for fixed effects, the standard deviation of a partner state’s labor

demand shock is only one-sixth that of a state’s own shock. This low volatility likely stems from ei-

ther similar migration patterns across states or weak spatial correlation in industry compositions.

Thus, a worker in Michigan facing a labor demand decline will likely see drops elsewhere—but to

a lesser extent. While omitting this effect biases migration estimates downward, the bias remains

modest in our setup.
29

29
Assuming that the true coefficient on the omitted variable has the opposite sign, but is of equal size as the

coefficient of interest, then the omitted variable bias in a standard OLS framework is equal to the ratio of the standard

deviation of the omitted variable to the standard deviation of the variable of interest times their correlation. In our

context, this would yield 0.32 × 1
6 ≈ 5%. Borusyak et al. (2022a) point out that workers are likely to face switching
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3.2 Alternative instruments for labor demand shocks

In this section, we consider three alternative proxy variables for labor demand that have received

substantial attention in the literature: shocks to regional government spending (i.e. defense con-

tracts) (Nakamura and Steinsson, 2014; Auerbach et al., 2020), shocks to regional housing net

worth (Mian and Sufi, 2014; Bhattarai et al., 2021) and regional shocks to import competition (Au-

tor et al., 2013, 2021). We slightly depart from our econometric specification (3) that we used for

the industry-mix instrument, mostly to be line with the original papers: Instead of regressing our

labor market variables on the labor demand instrument, Zi,t, itself, we regress it on the proxy vari-

able for labor demand, which we then instrument for using a shift-share variable. This simplifies

the interpretation of the βh coefficients and leads to the same point estimates of the γh coefficients

as if we regressed directly on the instrument.
30

3.2.1 Defense spending instrument

Following Nakamura and Steinsson (2014), we consider regional changes in defense spending as

a local labor demand shift variable. We then estimate the response of employment in region i at

time t to a change in defense spending with the regression

lnEi,t+h − lnEi,t−2 = αE
i,h + αE

t,h + βE
h

Gi,t −Gi,t−2

GDPi,t−2

+ ΓE
hXi,t + εEi,t+h. (8)

Here, Gi,t denotes nominal federal military spending in state i at time t andGDPi,t denotes state

i’s nominal GDP. As in Nakamura and Steinsson (2014), we focus on two-year differences to mit-

igate any timing mismatches between the date of when additional spending is awarded and the

effective date of spending.
31
The coefficient of interest, βE

h , is the response of employment growth

between t− 2 and t+h to an increase in government spending by 1% of state GDP between t− 2

and t. As we did in the previous section, we also estimate the responses of unemployment, labor

force participation, and population to changes in defense spending.

Following Nakamura and Steinsson (2014), we instrument state-level military spending using

a shift-share variable. Like the industry Bartik, the military spending instrument is the product

costs across both location and industries. Fully addressing the bias from omitting outside options would therefore

require data on workers’ transitions between industry-location cells to estimate the outside option. This might lead

to a larger estimate of the bias.

30
This is true as long as all regressions include the same set of regressors, so that the γ’s add up to 1.

31
See also Brunet 2022 and Briganti and Sellemi 2023 for a discussion of this timing issue. This approach allows us

to partially control for the mismatch between the fiscal year in which the military award data are recorded (starting

on October 1st of the previous calendar year) and the calendar year on which the labor market variables are based.
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of an aggregate shift term and a regional share term. Specifically, we construct a variable ZG
i,t as

the product of the percent change in national military spending (over a two-year horizon) and

i’s regional share of government spending to regional GDP. Specifcially, for each region i, we

calculate the share si = Gi/GDPi. The military spending instrument is then,

ZG
i,t =

1

2

[
si,t−3

sUS,t−3

+
si,t−4

sUS,t−4

]
× Gt −Gt−2

GDPt−2

.

Intuitively, states with relatively higher shares of military spending per capita should be affected

by changes in national military spending more than states with relative lower shares.

Because variations in the instrument are driven not only by changes in national military spend-

ing but also by changes in the exposure shares, we include the shares as separate controls in Xi,t

(see also Adao et al., 2019; Goldsmith-Pinkham et al., 2020; Borusyak et al., 2022b). We also in-

clude a lag of the change in federal military spending in state i. Standard errors are clustered at

the region level, and regressions are weighted by a region’s share in national population.

Data We consider two regional samples: The first sample is at the state-level (48 states) and

covers the years 1976 to 2019. The data on federal military spending by state in Nakamura and

Steinsson (2014) covers the years till 2006. We extend their sample to 2019 by collecting military

prime contract data from usaspending.gov.

The second sample follows Auerbach et al. (2020) and is at the level of core-based statistical

areas (CBSAs). CBSAs consist of one or more counties that are tied to an urban center by commut-

ing and are therefore conceptually similar to CZs. The data is directly taken from Auerbach et al.

(2020) and covers 369 CBSAs for the years 2001 to 2016. Given the short time frame, we calculate

the shares for the shift-share instrument using sample averages, as in Auerbach et al. (2020). We

therefore do not separately control for these shares because they are absorbed by the region fixed

effects.

Results Figure 10 shows the estimated local projections at the state level in response to an in-

crease in defense spending amounting to 1 percent of state GDP. The responses are comparable

to those for the industry-mix shock (see Figure 3), in terms of both magnitude and dynamics. In

both cases, we observe an employment response that steadily builds up over the first five years.

More concretely, an increase in defense spending of 1 percent of a state’s GDP raises employment

by about 0.55% upon impact, but this response rises to 3% over time. Similarly to the industry-
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Figure 10: Response to defense spending instrument at the state level

Note: The figure plots the beta coefficients in regression 8 for each labor market variable at different horizons h
(x-axis) using the CBSA-level dataset (sample period: 1976 - 2019). Shaded areas represent 90% confidence intervals.

mix instrument, roughly 60% of the initial increase in employment is accounted for by reduced

state unemployment, while net migration only accounts for 40%. Over time, the migration re-

sponse becomes stronger and eventually accounts for three-quarters of the adjustment, while the

unemployment margin falls to less than 20%.

While the industry-mix instrument has been widely used to proxy for labor demand shifts, it

does not easily map into a structural shock: Even though it attenuates the reverse causality is-

sue that a fall in regional population (e.g. due to a positive labor demand shock in a neighboring

state, or changing climate conditions) lowers employment—see our discussion above, changes in

industries’ national employment could still be driven by shifts in regional population patterns,

especially if industries are regionally concentrated.
32
The defense spending shock is less prone to

such criticism. The fact that the two shocks produce very similar responses, though, are sugges-

tive that the industry-mix instruments picks up a fair amount of shifts in labor demand that are

uncorrelated with regional population movements.

Figure 11 displays the local projections at the CBSA level. While the initial employment re-

sponse is similar to the one found at the state level, it does not increase that much over time and

32
The fact that we exclude region i in constructing the Bartik shift mitigates this concern.

31



Figure 11: Response to defense spending instrument at the CBSA level

Note: The figure plots the beta coefficients in regression 8 for each labor market variable at different horizons h
(x-axis) using the CBSA-level dataset (sample period: 2001 - 2016). Shaded areas represent 90% confidence intervals.

levels off at 1%. Most of the response is accounted for by a stronger participation rate as well as

a lower unemployment rate. In contrast to the baseline and all other labor demand shocks, the

population response is negligible and does not build up over time. It is somewhat larger when we

focus on working-age population, but even then, it accounts for less than 20% of the employment

response.

3.2.2 Housing net worth

As a third labor demand shifter, we consider the sudden change in housing net worth during the

Great Recession (Mian and Sufi, 2014; Bhattarai et al., 2021). In contrast to the previous two labor

demand shifters (industry mix and defense spending) that exploited variation across both regions

and time, this third labor demand shifter has only a cross-sectional component.

The main regression to estimate the response of employment to a change in net housing worth
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Figure 12: Response to housing net worth instrument at the county level

Note: The figure plots the beta coefficients in regression 9 for each labor market variable at different horizons h (x-

axis) using the county-level dataset. Horizon h = 0 corresponds to year 2007. Shaded areas represent 90% confidence

intervals.

follows Bhattarai et al. (2021)
33

lnEi,2007+h − lnEi,2006 = αE
h + βE

h

∆ ln pHi,2006−2009 ×Hi,2006

NWi,2006

+
∑

s=1998,2002

θEs,hḡ
E
i,s,s−4 + εi,2007+h,

(9)

where the housing net worth shock,

∆ln pHi,2006−2009×Hi,2006

NWi,2006
, consists of the value of housing in region

i as of 2006 times the log change in region i’s house prices normalized by a region’s overall net

worth.

For the previous two labor demand shifters, region fixed effects helped control for any region-

specific sample-wide trends in labor market variables (e.g. long-term population shifts across U.S.

states). Since we cannot use region fixed effects with cross-sectional data, we follow Bhattarai

et al. (2021) and control for different growth trajectories across regions by including the average

pre-trend growth rate over 1994 - 1998 and over 1998 - 2002 of the outcome variable, ḡEi,1998,1994 and

33
As explained by Bhattarai et al. (2021), there are two differences to Mian and Sufi (2014): First, in Mian and Sufi

(2014), the LHS variable is the log difference between 2007 and 2009; second, Mian and Sufi (2014) do not control for

pre-trend growth.
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ḡEi,2002,1998. Foschi et al. (2023) argue that differences in pre-trends across regions might be partic-

ularly important to take into account for net migration as those regions that were particularly hit

by the Great Recessions were those that had seen a net inflow of workers in previous years. For

our specification here, we note that excluding the pre-trends makes our estimates noisier, but has

only modest effects on the point estimates.

We use estimates of the housing supply elasticity from Saiz (2010) as an instrument for the

housing net worth shock. As in Bhattarai et al. (2021), we transform the instrument into a dummy

that equals 1 if the housing price elasticity is in the upper tercile. This improves the relevance of

the instrument.

Data The data on housing net worth and the Saiz instrument is taken fromMian and Sufi (2014).

It only covers larger counties, resulting in N = 916.

Results Figure 12 shows the estimated local projections from (9). The impact response, which

corresponds to the change in employment between 2006 and 2007 as predicted by housing price

changes between 2006 and 2009, is negligible. It takes 2-3 more years for employment dynamics

to fully unfold. By 2010, counties that experienced a 10% reduction in housing wealth compared

to other counties are predicted to have lost more than 4% of employment more. The response then

levels off in subsequent years. The fall in employment goes along with an increase in the unem-

ployment rate and, contrary to our results for all other labor demand shocks, an increase in the

labor force participation rate. This labor force response is consistent with a wealth effect on labor

supply predicted by neoclassical business cycle models (see also Disney and Gathergood, 2018,

for further empirical evidence based on UK data). The migration response is somewhat stronger

than for our baseline results. By 2010, close to 60% of the employment change is accounted for by

changes in population, with this share steadily increasing to 100% by the middle of the decade.
34

3.2.3 Import competition

Our final labor demand shifter exploits variation in import competition from China across labor

markets (Autor et al., 2013). We follow Autor et al. (2021) who consider a purely cross-sectional

setup that takes the increase in import penetration between 2000 and 2012 as a labor demand

shifter.

34
Cadena and Kovak (2016) find that during the Great Recession, low-skilled Mexican workers exhibited a high

degree of labor mobility, relocating from the hardest hit regions to less depressed regions.
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The main regression to estimate the response of employment to a change in import competi-

tion is

lnEi,2001+h − lnEi,2000 = αE
h + βE

h

∑
j

sji,2000
IMh,US

China,2012 − IM j,US
China,2000

Y j
2000 + IM j

2000 − EXj
2000

+ θEh ḡ
E
i,1976−1990 + ΓE

hXi,t + εi,2000+h,

(10)

where

IMj,US
China,2012−IMj,US

China,2000

Y j
2000+IMj

2000−EXj
2000

is the growth of Chinese import penetration for U.S. manufacturing

industry j over 2000 - 2012 and sji,2000 is the share of industry j in region i’s total employment in

the base year 2000. The change in import penetration is computed as the growth in U.S. industry

imports from China, IM j,US
China,2012 − IM j,US

China,2000, divided by initial industry domestic absorption

(U.S. industry shipments plus net imports, Y j
2000 + IM j

2000 − EXj
2000).

Similar to the housing-net-worth shock, we control for secular trends in labor market variables

across U.S. regions by adding the log change of the left-hand-side variable over 1976-1990 as a

regressor. This is particularly important for population: as pointed out by Greenland et al. (2019),

CZs that were particularly exposed to import competition from China had had particularly strong

population growth in the past. Not accounting for these pre-trends would bias our estimates

upwards (towards zero).
35

In addition to controlling for the trend growth rate of the dependent variable, we also add the

same set of controls as Autor et al. (2021). These include the sum of shares

∑
j s

j
i,1990 (i.e. the share

of employment in manufacturing), initial CZ employment composition, demographic conditions

and census region dummies.
36

As in Autor et al. (2021), we instrument the measure of import

competition using China’s exports to other developed countries.

Data Data on the growth of Chinese import penetration in the United States and the instrument

are taken from the replication package of Autor et al. (2021). It covers N = 719 CZs.

Results Exposure to import competition from China leads to a decline in employment with an

estimated coefficient of around -2.7% in the mid to late 2000s, which then falls to -4% by 2019.

Taking into account the interquartile range of 0.56 for trade exposure reported by Autor et al.

(2021), this implies that a CZ at the 75th percentile of trade exposure would be predicted to have

35
We confirmed this by removing the trend growth rate from our regressions, leading to weaker responses of

employment and population.

36
Note that we deviate from Autor et al. (2021) by controling for CZ’s share of manufacturing in 1990 rather than

2000 because the instrument uses shares as of 1990. As emphasized by Borusyak et al. (2022b), one needs to control

for the sum of shares of the instrument rather than the sum of shares of the endogenous variable. We thank our

discussant Brian Kovak for pointing this out.
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Figure 13: Response to import competition instrument at the CZ level

Note: The figure plots the beta coefficients in regression 10 for each labor market variable at different horizons h
(x-axis) using the CZ-level dataset. Horizon h = 0 corresponds to year 2001. Shaded areas represent 90% confidence

intervals.

a reduction in employment that is about 2.25 percentage points larger than in a CZ at the 25th

percentile. Initially, most of the adjustment occurs via the participation margin, but over time, the

population response becomes stronger and accounts for two thirds of the employment response

by the mid to late 2000s and more than 80 percent in the long run.
37

3.2.4 Summary

We summarize the results for the alternative labor demand shocks in Table 4. The table presents

the estimates for the effect of the four labor demand shocks on the labor market variables in the

“long run” (i.e., h = 5) for each of our instruments. We should acknowledge that the dates at

which the import competition shock and the housing price shock begin are somewhat uncertain.

As constructed, the import competition shock captures changes in imports that unfold over 13

years (see equation (10)). For the housing-net-worth shock, we take the start date as 2007 and

37
In a recent paper, Autor et al. (2025) exploit employer-employee data to decompose changes in employment rates

into several changes, including a migration channel. They find a more modest response for the migration channel,

but acknowledge that their migration channel only captures workers that were employed in both 2000 and 2019

but in different CZs. Hence, cross-CZ moves of workers that change labor market status or that enter / leave the

working-age population would not be captured by their migration channel.
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report the response in 2012; for the import competition shock, we take the start date as 2001 and

report the response in 2006.

The first part of the table reports the estimated β coefficients that were also depicted in Figures

10 - 13. Since the magnitudes of these labor market responses are not directly comparable across

instruments, the γ’s in the bottom of the table are more informative.
38
Overall, all the instruments

—except for the defense spending instrument at the CBSA level—suggest that migration plays a

dominant role in the long run, accounting for about two thirds of the overall employment response.

This is consistent with the findings based on the industry composition instrument reported in

Table 1.

Table 4: Long run labor market responses for alternative labor demand instruments

Empl ur Lfp Pop

β

Defense spending

(State)

2.00
(0.71)

−0.50
(0.24)

0.15
(0.37)

1.35
(0.46)

Defense spending

(CBSA)

1.03
(0.59)

−0.44
(0.28)

0.49
(0.48)

0.09
(0.24)

Housing net worth

(County)

0.47
(0.13)

−0.18
(0.04)

−0.09
(0.07)

0.29
(0.05)

Import competition

(CZ)

−2.41
(1.08)

0.03
(0.23)

−1.24
(0.77)

−1.25
(0.59)

γ

Defense spending

(State)

−0.25
(0.15)

0.07
(0.19)

0.68
(0.33)

Defense spending

(CBSA)

−0.43
(0.37)

0.48
(0.54)

0.09
(0.24)

Housing net worth

(County)

−0.38
(0.13)

−0.18
(0.15)

0.62
(0.20)

Import competition

(CZ)

−0.01
(0.10)

0.51
(0.40)

0.52
(0.34)

Note: The table displays β5 and γ5 for alternative labor demand instruments. For the housing net worth shock and

the import competition shock, the responses are measured relative to the year in which the shock is thought to have

started. Specifically, for the housing-net-worth shock, the response is measured in 2012 (5 years from 2007); for the

import-competition shock, the response is measured in 2006 (5 years from 2001). See also notes to Table 1.

38
Note that the γ’s for the housing-net-worth shock and the import-competititon shock do not add up to one

because the regressors differ across labor market variables.
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4 Conclusion

Americans are less likely to relocate to another state now than theywere in the past. While some 10

million people – 3.1 percent of the US population - moved to another state in 2021, this is a decline

in the cross-state migration rate relative to earlier decades. One interpretation of this decline is

that the U.S. job market is less dynamic than it used to be. Our findings call this interpretation

into question. We estimate the responsiveness of unemployment, labor force participation and

labor migration to exogenous variations in labor demand. We also estimate the labor migration

elasticity, the fraction of the total employment adjustment attributed to changes in employment.

Our baseline estimates are based on the now-standard industry-mix instrument (Bartik, 1993).

Echoing the earlier findings of BK, we find that cross-state labor mobility accounts for most of the

labor adjustment to the shock at five-year horizons. While migration became less responsive to

labor demand shocks in the 1990s (Dao et al., 2017), so did employment. The elasticity of migration

to employment fell little and has recovered since. Estimates of the migration elasticity are similar

based on data from commuting zones and counties. Not surprisingly, the migration elasticity is

largest for individuals of working age, though it does not differ by gender or race.

We confirm that labor mobility was and is a key adjustment mechanism in response to labor

demand using alternative instruments: a fiscal shock, the Great Recession shock and the China

shock. At five-year horizon, cross-region labor mobility accounts for most of the adjustment in

employment changes for all shocks except for fiscal shocks when focusing at the CBSA level.

Although the migration elasticity is robust across shocks and in most time periods, we do not

want to overstate our results. Most workers remain in place, even in bad times. But our estimates

suggest that the elasticity of migration to shocks has remained fairly constant over time, and is

as strong as it was in the 1950s. This is not to discount the many studies that suggest that the

labor market now is less flexible than in the past. Movements in and out of the labor market,

shifts between jobs, and the underlying correlation of shocks to the labor market – over time and

across regions – have likely changed. What our findings do suggest is that geographic relocation

remains an important channel of labor market adjustment.
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