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Abstract 
The US suffers from persistent local disparities in employment rates, which should in principle be 
eliminated by population mobility. Can immigration accelerate this process? Remarkably, on average 
since 1960, new immigrants account for 40% of local population adjustment. This vastly exceeds their 
share of gross regional migratory flows (just 10%). I attribute the “excess” response to their strong 
preference to settle in migrant enclaves, which are disproportionately located in high-employment 
areas (a consequence of persistent local shocks). However, immigration does not significantly 
accelerate local population adjustment overall, as it crowds out the contribution from internal 
mobility. This reduction in the internal response can help account for the concurrent decline in gross 
internal population flows. 
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1 Introduction

The US suffers from large regional disparities in employment-population ratios (“employ-
ment rates”) which have persisted for many decades (Amior and Manning, 2018). These
inequities have been exacerbated by the collapse of manufacturing employment (Charles,
Hurst and Notowidigdo, 2016), whose impact is heavily concentrated geographically (Au-
tor, Dorn and Hanson, 2013). According to standard models of local labor markets, these
disparities should be eliminated by the movement of labor to places with high employ-
ment rates, as in Blanchard and Katz (1992). But given strong local persistence in labor
demand shocks, even a large population response is insufficient to smooth these dispari-
ties (Amior and Manning, 2018). And troublingly, as Panel A of Figure 1 shows, regional
mobility (the solid line) has declined markedly in recent decades (see e.g. Molloy, Smith
and Wozniak, 2011; Kaplan and Schulhofer-Wohl, 2017).

In the face of these challenges, Borjas (2001) famously argues that new (footloose)
immigrants can “grease the wheels” of the labor market: that is, they accelerate the
adjustment of local population. But a cursory glance at Figure 1 casts doubt on their
importance: though Panel A shows the rate of immigration has grown rapidly since the
1960s, this hardly compensates for the much larger decline in internal mobility.

The purpose of this paper is to revisit these questions. Ultimately, I will argue against
Borjas’ hypothesis. But this is despite a surprisingly prominent role for immigration in
local population dynamics (masked by Figure 1), driven by the long-run evolution of local
labor markets and migrant enclaves. Methodologically, I rely on a simultaneous equa-
tion model (identified with enclave and Bartik shift-share instruments), which accounts
explicitly for local dynamics. The model exploits a sufficient statistic result from Amior
and Manning (2018), which allows me to estimate local adjustment using local population
and employment stocks alone (without any information on wages or prices). I offer three
main results:

1. Immigration’s share in local population adjustment. I quantify the share of
foreign inflows in local population adjustment, across 722 commuting zones (CZs)
and over 50 years of US history. Remarkably, new immigrants alone account for
40% of the average population response to local employment shocks. This vastly
exceeds their share of gross migratory flows over the same period, which is about
10% (Panel B of Figure 1).1

1Panel B shows their share of gross annual flows to US states over 1964-2010 is 12%. But the share
for CZs is somewhat smaller, because there is more mobility across CZs than states. See Section 3.2.
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2. Why is the foreign response so large? I find no evidence that this “excess”
foreign response (i.e. the excess of 40% over 10%) is due to differential mobility,
a mechanism stressed by Borjas (2001) and Cadena and Kovak (2016). Rather,
it is driven by immigrants’ strong preference to settle in migrant enclaves, which
are disproportionately located in high-employment areas. I attribute this spatial
correlation to a local snowballing effect, driven by persistent local shocks and the
dynamics of migrant enclaves. A dynamic model (disciplined by the data) can
quantitatively account for this effect.

3. What are the implications for local population adjustment overall? De-
spite the vast foreign response, I show that immigration does not significantly ac-
celerate local population adjustment (or reduce local employment rate disparities).
This is because it crowds out the contribution of internal mobility to population
adjustment. In this sense, my estimates do not support Borjas’ (2001) hypothesis.

Nevertheless, these results do offer an optimistic interpretation of Figure 1. Though
gross migratory flows have declined on aggregate (Panel A), this does not imply more
sluggish local population adjustment overall. This is because the flows of new immigrants
(which account for an increasingly large share of gross flows: see Panel B) are much more
strongly directed to high-employment areas. Indeed, my results suggest the acceleration
of immigration may be largely responsible for the decline in internal mobility: based on
my estimates, increases in foreign inflows since 1960 will have caused a 40% decline (all
else equal) in the internal response to employment shocks. This exactly matches the
decline in internal flows observed in Figure 1. This decline would then reflect diminishing
returns to mobility (for existing US residents), rather than growing costs. This hypothesis
is similar in flavor to Kaplan and Schulhofer-Wohl (2017), who attribute the decline of
internal mobility to narrowing local disparities in occupation-specific wages.

In recent years, there has been growing interest in the determinants of new migrants’
location decisions: see e.g. Card and Lewis (2007); Jaeger (2007); Kerr (2010); Cadena
(2013, 2014); Cadena and Kovak (2016); Beerli, Indergand and Kunz (2017); Albert
and Monras (2018); Basso, D’Amuri and Peri (2019). However, little has been written
about their contribution to local labor market adjustment. Aside from Borjas (2001), an
important exception is Cadena and Kovak (2016), who study the Great Recession period.
Cadena and Kovak also find that immigrants make a large contribution, but its character
is very different. First, they find it is restricted to low educated Mexicans, whereas I
find it is very general: I estimate large foreign responses across education groups, and
from immigrants of diverse origins. Second, Cadena and Kovak argue the contribution of
immigrants to local adjustment occurs mostly after their arrival in the US; but I find the
opposite: it is the location choices of new arrivals that matters. This is consistent with
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evidence that native and foreign-born individuals move at similar rates within the US.2

Finally, Cadena and Kovak find no crowd-out of the internal mobility response - but I
argue this is a crucial part of the story, and it offers a causal link to the contemporaneous
decline in internal mobility. I show in Appendix F that accounting for local dynamics in
Cadena and Kovak’s data can help reconcile our findings.3

My results also have important methodological implications. There is a large litera-
ture which seeks to estimate the impact of immigration on local labor markets. Many
studies identify these effects using the enclave shift-share instrument of Altonji and Card
(1991) and Card (2001). But there is legitimate skepticism about the instrument’s va-
lidity. Jaeger, Ruist and Stuhler (2018) show it is highly serially correlated; and in the
presence of sluggish local adjustment, this will violate the exclusion restriction. An-
other long-standing concern is spatial correlation with labor demand conditions: see
e.g. Borjas (1999). In this paper, I explicitly model how this correlation materializes
(through the local snowballing mechanism) and quantify the effect. But, this challenge
is not insurmountable: under the model’s assumptions, it is possible to partial out unob-
served historical shocks by conditioning on the initial employment rate. In a companion
paper (Amior, 2020), I apply this strategy when estimating the direct local impact of
immigration; and I show there that it works remarkably well (and satisfies some key
overidentifying restrictions).

I set out the model in Section 2. I then describe the data in Section 3, and esti-
mate the average population response to local employment shocks in Section 4 - and the
foreign share of that response. Crucially, the foreign share does not tell us the over-
all contribution to population adjustment, due to crowd-out of the internal response. I
identify the overall contribution using two alternative empirical specifications: a “coun-
terfactual” population response equation which holds foreign inflows fixed (Section 5),
and a “heterogeneous-response” specification which exploits local variation in access to
new immigrants (Section 6). Finally, Section 7 simulates the dynamic response to local
employment shocks and quantifies the “snowballing” mechanism for the excess foreign
share. The Online Appendices contain theoretical extensions and numerous empirical
sensitivity tests.

2Based on CPS data since 1994, 2.1% of working-age natives move between states each year, compared
to 1.8% of foreign-born. Cadena and Kovak (2016) argue that selective emigration may also play an
important role, but my estimates are not consistent with this claim.

3Cadena and Kovak find the (low educated) native population is entirely insensitive to local labor
market conditions, which rules out the possibility of crowd-out. Monras (2015) attributes this result to
unobserved divergent trends in local native and Mexican populations. But in Appendix F, I show that
after controlling for observable local dynamics (as summarized by the initial employment rate, in line
with my model), I do identify a large native response in Cadena and Kovak’s data. The effect of dynamics
is intuitive: as Cadena and Kovak note, those cities which suffered larger downturns during their Great
Recession sample had enjoyed larger upturns earlier in the decade; and if adjustment is sluggish, local
population movements during the crisis will reflect responses to both. The data reject the hypothesis
that these dynamics are unimportant, just as in my 50-year dataset.
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2 Model of local population adjustment

2.1 Overview

The purpose of the model is to quantitatively assess the determinants of the foreign con-
tribution to local population adjustment (relative to a zero-immigration counterfactual),
and to show how this contribution can be identified empirically. This exercise is not
trivial, and it is important to establish the identifying assumptions. Similar to Amior
and Manning (2018), the model has two components: (i) a characterization of local equi-
librium conditional on population (based on Roback, 1982) and (ii) dynamic equations
describing population adjustment. Unlike Amior and Manning though, I distinguish be-
tween foreign and internal mobility.

I characterize the foreign contribution using two estimable equations. The first is the
population response to local employment shocks, holding the local incidence of foreign
inflows fixed. Since this identifies local population adjustment in the absence of immi-
gration, I call it the “counterfactual” population response. The second is an expression
for the local foreign inflow itself. Together, the counterfactual and foreign response equa-
tions fully describe population adjustment, conditional on the evolution of employment.
I use this system to derive the average population response (across areas) and also im-
migration’s share of that response. As I will show, this foreign share is increasing in the
spatial correlation between local employment shocks and migrant enclaves (which deter-
mine access to new immigrants). Crucially though, the foreign share does not identify
the counterfactual foreign contribution to adjustment, if the foreign response crowds out
the contribution from internal mobility.

This paper is closely related to Amior (2020), but addresses a different set of questions.
In Amior (2020), I take foreign inflows to local labor markets as given (conceptually)
throughout, and study the implications for local population, employment and welfare:
this speaks to a well-established literature on the direct (first order) impact of immigration
(see e.g. the classic work of Altonji and Card, 1991). In contrast, this paper takes local
(demand-driven) employment growth as given throughout, and studies the determinants
of new immigrants’ location choices and their contribution to population adjustment (in
response to employment disparities). This speaks instead to questions raised by Borjas
(2001) and Cadena and Kovak (2016). The literature has always treated these questions
separately, and I do the same. Both papers rely on similar “counterfactual” response
equations, but for different purposes.4

To simplify the theoretical exposition, I will assume that native and migrant labor are
identical and perfect substitutes in production. The existing literature does usually find

4In this paper, I use it to study the population response to employment, holding foreign inflows fixed;
whereas Amior (2020) uses it to identify the population response to foreign inflows, holding employment
fixed.
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they are close substitutes, both within skills cells and at the aggregate level.5 But I do
not exclude a role for imperfect substitutability in my empirical specifications. Instead, I
estimate the relationships described in the model empirically, and I test the validity of the
assumptions ex post. As it happens, native and migrant employment rates do respond
similarly to both employment and immigration shocks, as these assumptions predict. In a
similar spirit, I do not account for skill heterogeneity; but as I explain below, a sufficient
statistic result permits me to estimate the model separately by education.

2.2 Local equilibrium conditional on population

There are two goods: a traded good priced at P everywhere, and a non-traded good
(housing) priced at P h

r in area r. Assuming homothetic preferences, one can derive a
unique local price index:

Pr = Q
(
P, P h

r

)
(1)

I assume labor supply is somewhat elastic to the real consumption wage:

nr = lr + εs (wr − pr) + zsr (2)

where lower case denotes logs: nr is employment, lr is population, wr is the nominal
wage, and zsr is a local supply shifter. Labor demand is given by:

nr = −εd (wr − p) + zdr (3)

where zdr is a local demand shifter. Using (2) and (3), I can solve for employment in terms
of population and local prices. And a specification for housing supply and demand (as
in Amior and Manning, 2018) will then be sufficient to solve for all endogenous variables
in terms of local population lr alone.

I write indirect utility in terms of the real consumption wage wr − pr and the value
of local amenities ar:

vr = wr − pr + ar (4)

Crucially, the real wage can be replaced by labor supply (2). So the employment rate can
serve as a sufficient statistic for local labor market conditions, conditional on the supply
and amenity effects:

vr = 1
εs

(nr − lr − zsr) + ar (5)

5Within skill cells, Ottaviano and Peri (2012) estimate an elasticity of substitution between natives
and migrants of about 20. Card (2009) finds even larger numbers, and Borjas, Grogger and Hanson
(2012) and Ruist (2013) are unable to reject perfect substitutability. At the aggregate level (the relevant
context here), differences in skill composition will also matter. But in the US, natives and migrants have
similar college shares, which is the crucial margin of skill if high school dropouts and graduates are close
substitutes (as in e.g. Card, 2009; Ottaviano and Peri, 2012).
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In practice, this interpretation of the local employment rate may be compromised by
heterogeneous preferences for leisure. But as I argue in Section 3.3, this may be ad-
dressed by adjusting employment rates for demographic composition. A related concern
is heterogeneous preferences over local consumption (Albert and Monras, 2018), but this
should not affect the validity of the sufficient statistic result.6 Beyond this, Amior and
Manning (2018) show the result is robust to numerous model variants: multiple traded
and non-traded sectors7, agglomeration, endogenous amenities and market frictions; and
Amior and Manning (2019) show it is robust to cross-area commuting.

The sufficient statistic result offers a theoretical justification for conducting the entire
analysis in employment and population stocks (as in Cadena and Kovak, 2016), without
accounting for local wages and prices. This approach has important empirical advantages:
local wage deflators are notoriously difficult to construct and rely on strong theoretical
assumptions (see Koo, Phillips and Sigalla, 2000; Albouy, 2008; Phillips and Daly, 2010);
whereas employment and population stocks are easily measured in the census data. The
sufficient statistic result also has important implications for the interpretation of popula-
tion adjustment: taking the dynamics of local employment as given (as I do throughout),
changes in local population will correspond perfectly to changes in the employment rate
(and therefore local welfare), conditional on any supply and amenity effects.

2.3 Dynamic population adjustment

In the long run, worker keep moving to high-utility areas until utility vr is the same
everywhere. But this process takes time; so local population lr (and therefore employment
nr, wages wr, prices pr, and utility vr) will in general deviate from its long run value.
I now characterize the adjustment of local population lr. Unlike Amior and Manning
(2018), I distinguish between the contributions of internal and foreign migration:

dlr = λIr + λFr (6)

where λIr is the instantaneous rate of net internal inflows (from within the US) to area r,
and λFr is the foreign inflow rate, relative to local population. In principle, foreign outflows
may also play a role: Akee and Jones (2019) find that immigrants emigrate in response
to negative earnings shocks. However, my estimates suggest emigration contributes little
to local adjustment to employment shocks, so I have chosen not to account for it here.

Using a logit model of residential choice (as in Monras, 2015, or Diamond, 2016), λIr
and λFr can be written as linear functions of utility vr. As Appendix A shows, the net

6Suppose natives and migrants place different weight on local prices. Their labor supplies will then
depend on their respective price indices. So, the real consumption wage in both natives’ and migrants’
utility can still be replaced by the employment rate, at least after adjusting for demographic composition.

7Hong and McLaren (2015) emphasize that migrants support local demand through consumption. In
my model, this is observationally equivalent to a flatter labor demand curve.
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internal flow λIr is then given by:

λIr
µI

= γI (nr − lr − zsar ) (7)

where zsar ≡ zsr − εsar denotes the combined supply and amenity effects; γI ≥ 0 is the
elasticity of net flows; and µI is the (spatially invariant) steady-state rate of internal
mobility, i.e. in the absence of local differentials. As I show in Appendix A, the spatial
invariance of µI can be motivated by a concept of personal network size (which deter-
mines contact rates): in spatial equilibrium, the total inflow to each area r will then be
proportional to local population. There is no national intercept in (7), but zsar may be
redefined to include one. Agents in (7) are implicitly myopic: their behavior depends
only on current conditions. But if current employment rates are indeed predictive of
future rates, Amior and Manning (2018) show one can write an equivalent equation for
forward-looking agents, where the elasticity γI depends both on workers’ mobility and
the persistence of shocks. This means I cannot interpret γI structurally, but this is not
my intent.

Appendix A also shows how one can derive a parallel expression for foreign inflows,
λFr :

λFr − µFr
µFr

= γF (nr − lr − zsar ) (8)

where µFr is the local “foreign intensity”, i.e. the foreign inflow in the absence of local
differentials. Unlike µI , I permit µFr to vary across areas r: absorption into the US is
facilitated by co-patriot networks (due to language or job market access) whose strength
varies regionally. In the empirical analysis, motivated by the location choice model in
Appendix A, I identify µFr with the enclave shift-share instrument of Altonji and Card
(1991) and Card (2001). For now, I take µFr as given conceptually. But I model its local
evolution explicitly in Section 7, as a function of past foreign inflows (which themselves
are a response to past demand shocks): this process is crucial to interpreting the foreign
contribution to adjustment.

I assume that, after entry, immigrants behave identically to natives. The intent
is merely to simplify the theoretical analysis. I do not impose this restriction on the
empirical estimates (where I distinguish between the migratory responses of natives and
longer-term migrants), but these estimates offer no compelling reason (ex post) to reject
it. The assumption can also be motivated ex ante by empirical evidence: internal mobility
is very similar for native and foreign-born individuals. For example, based on CPS data
since 1994, 2.1% of working-age natives move between states each year, compared to 1.8%
of foreign-born.
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2.4 Counterfactual population response

I will now derive two equations which fully characterize local population adjustment, con-
ditional on employment and foreign intensity: (i) a “counterfactual” population response
to employment shocks (holding foreign inflows λFr fixed) and (ii) an expression for foreign
inflows themselves. For the purposes of estimation, I require discrete-time specifications
for both.

I begin with the counterfactual response. Replacing net internal flows λIr with dlr−λFr
in (7), I can write the following expression for instantaneous population growth:

dlr = γIµI (nr − lr − zsar ) + λFr (9)

To convert this expression to discrete time, I assume the supply/amenity effect zsar and
employment nr change at constant rates within discrete intervals; and I also hold the
foreign inflow λFr fixed within these intervals. Appendix B.1 then shows that:

∆lrt =
(

1− 1− e−γIµI

γIµI

)
(∆nrt −∆zsart ) +

(
1− e−γIµI

) (
nrt−1 − lrt−1 − zsart−1

)
+ 1− e−γIµI

γIµI
λFrt

(10)
where λFrt is the total foreign inflow between t−1 and t. Notice the current demand shifter
∆zdrt does not appear in this equation: due to the sufficient statistic result, ∆zdrt is fully
summarized by current employment growth ∆nrt (conditional on the supply/amenity
shifter ∆zsart ). Similarly, (10) does not contain any lags of zdrt−1, nor lags of foreign inflows
λFrt. This is because the initial employment rate nrt−1 − lrt−1 summarizes the entire
history of demand and immigration shocks (conditional on the lagged supply/amenity
effect zsart−1). And since I am controlling for the supply effects, any variation in the
employment variables should be interpreted as demand-driven.

(10) is an error correction model (ECM) in population lrt and employment nrt: pop-
ulation growth ∆lrt depends on current employment growth ∆nrt and the initial employ-
ment rate nrt−1 − lrt−1, which accounts for initial conditions. Holding the foreign inflow
λFrt fixed, the effect of each expands from 0 to 1 as the internal migration elasticity γI

increases from 0 to ∞. A coefficient of 1 on ∆nrt indicates full population adjustment to
contemporaneous shocks, and a coefficient of 1 on nrt−1 − lrt−1 indicates that any initial
employment rate deviation is eliminated in the subsequent period through population
mobility. Conversely, coefficients closer to zero indicate sluggish population adjustment.

The coefficient on λFrt describes the contribution of foreign inflows to local population
adjustment, for given employment dynamics. It goes to 1 as the internal elasticity γI

goes to zero: in this case, a 1-point increase in foreign inflow is fully passed into ∆lrt.
Conversely, as γI →∞, the effect of λFrt goes to 0, because the foreign inflow is fully offset
by net internal outflows. Note the coefficient on λFrt in (10) does not describe the overall
impact of foreign inflows: local employment may be an important margin of adjustment
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(as in e.g. Dustmann and Glitz, 2015), but (10) holds employment fixed. To derive the
overall effect of λFrt, it is necessary to reduce ∆nrt to its exogenous components (using
(2), (3) and housing market specifications). These questions are beyond the scope of this
paper, but see Amior (2020) for such an analysis: as I show there, the impact of λFrt will
depend not only on the elasticity of internal mobility γI , but also on the elasticities of
labor demand and housing supply.

2.5 Response of foreign inflow

I now derive a discrete-time expression for the foreign inflow λFrt itself. As (8) shows, the
foreign inflow (and its response to employment shocks) depends on the foreign intensity,
µFr . Using (7) and (8), I can write the continuous-time foreign inflow as:

λFr = µFr + γFµFr
γIµI + γFµFr

(
dlr − µFr

)
(11)

Then, replacing population changes with (10), and linearizing around µFrt = 0, I show in
Appendix B.2 that the discrete-time foreign inflow can be approximated as:

λFrt ≈ µFrt + γFµFrt
γIµI

[(
1− 1− e−γIµI

γIµI

)
(∆nrt −∆zsart ) +

(
1− e−γIµI

) (
nrt−1 − lrt−1 − zsart−1

)]
(12)

where µFrt denotes the foreign intensity between t − 1 and t. Notice the term in square
brackets is identical to the internal population response in (10). Relative to the bracketed
term, the foreign response is increasing in (i) the relative local magnitude of foreign inflows
µFrt
µI

and (ii) their relative elasticity γF

γI
. In areas r with larger foreign intensity µFrt, the

foreign inflow λFrt is both larger independently of shocks (see the first µFrt term on the
right-hand side) and more responsive to shocks (as µFrt is interacted with the employment
shocks).

2.6 Two-equation model and average population response

Ultimately, I seek to account for the average population response to local (demand-driven)
employment shocks. This object matters because it fully summarizes the evolution of
the employment rate, which is a sufficient statistic for welfare. The average population
response can be derived using a simple two equation model, comprising the counterfactual
and foreign responses, (10) and (12). To show how the model works more clearly, I now
define a time t “composite” employment shock ∆ñrt, which accounts for both current
employment changes and the initial employment rate. And in parallel, I also define a
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composite supply/amenity shock ∆z̃sart :

∆ñrt ≡ ∆nrt + 1− e−γIµI[
1− 1−e−γIµI

γIµI

] (nrt−1 − lrt−1) (13)

∆z̃sart ≡ ∆zsart + 1− e−γIµI[
1− 1−e−γIµI

γIµI

]zsart−1 (14)

The counterfactual and foreign responses, (10) and (12), can then be simplified to:

∆lrt = βc (∆ñrt −∆z̃sart ) + (1− βc)λFrt (15)

λFrt = µFrt + γFµFrt
γIµI

βc (∆ñrt −∆z̃sart ) (16)

This is a two-equation model with two endogenous variables: the foreign inflow λFrt and
overall population change ∆lrt. The βc coefficient is the “counterfactual” response to the
employment shock ∆ñrt, hence the c superscript. Based on (10), βc is a known function
of the internal elasticity γI , i.e. βc = 1− 1−e−γIµI

γIµI
, which goes from 0 to 1 as γI goes from

0 to ∞.
This model describes the population adjustment to ∆ñrt, in some area r with given

foreign intensity µFrt. To derive the average population response, I first compute the
average foreign response (16) across areas r. For small ∆ñrt and ∆z̃sart , this approximates
to:

E
[
λFrt|∆ñrt,∆z̃sart

]
≈

γF µ̄F
γIµI

βc +
Cov

(
µFrt,∆ñrt

)
V ar (∆ñrt)

∆ñrt−
γF µ̄F
γIµI

βc +
Cov

(
µFrt,∆z̃sart

)
V ar (∆z̃sart )

∆z̃sart

(17)
where µ̄F denotes the mean foreign intensity. Crucially, the average foreign response
to ∆ñrt is increasing in the spatial correlation between foreign intensity µFrt and ∆ñrt.
Intuitively, if µFrt is larger in places with stronger employment conditions, new foreign
inflows will mechanically be directed to the places which need them most. I will model
(and estimate) this spatial correlation more explicitly in Section 7 (the final part of the
paper), as an outcome of a dynamic “snowballing” mechanism.

To derive the average population response, I take expectations of the counterfactual
equation, and substitute (17) for E

[
λFrt|∆ñrt,∆z̃sart

]
:

E [∆lrt|∆ñrt,∆z̃sart ] ≈

1 + (1− βc)
γF µ̄F
γIµI

+
Cov

(
µFrt,∆ñrt

)
βcV ar (∆ñrt)

 βc∆ñrt (18)

−

1 + (1− βc)
γF µ̄F
γIµI

+
Cov

(
µFrt,∆z̃sart

)
βcV ar (∆z̃sart )

 βc∆z̃sart
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Like the average foreign response (17), this too depends on the spatial correlation between
µFrt and ∆ñrt. But its influence is decreasing in βc, since a larger foreign response crowds
out the contribution of internal mobility to population adjustment.

2.7 Foreign contribution to local adjustment

Using the two-equation model above, I can now address the questions posed by the
introduction. What is the average foreign share of local population adjustment? And
what is the counterfactual contribution of immigration to population adjustment (i.e. the
population response compared to a zero-immigration counterfactual)?

1. Average foreign share of population adjustment. To compute the average
share of of foreign inflows in the population response to ∆ñrt, I take the ratio of
the average foreign response in (17) to the overall response in (18). For small ∆ñrt
and low levels of immigration (i.e. µ̄F close to zero), Appendix B.3 shows this
approximates to:

∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

≈ γF µ̄F

γIµI
+

Cov
(
µFrt,∆ñrt

)
(1− βc)Cov (µFrt,∆ñrt) + βcV ar (∆ñrt)

(19)

The average foreign share is increasing in (i) the relative magnitude of foreign inflows
µ̄F

µI
, (ii) the relative elasticity of foreign inflows γF

γI
, and (iii) the spatial correlation

between foreign intensity µFrt and employment shocks ∆ñrt. For equal foreign and
internal elasticities (γF = γI) and in the absence of spatial correlation (i.e. if the
second term is zero), the foreign share of the population response collapses to its
share µ̄F

µI
of migratory flows, which has averaged about 10% since the 1960s (see

Figure 1). Any “excess” of the foreign response over 10% must be explained by
either relatively elastic foreign inflows (i.e. γF > γI) or spatial correlation between
µFrt and ∆ñrt.

2. Overall contribution to population adjustment. The average foreign share
in (19) does not identify the overall contribution of foreign inflows to population
adjustment, relative to the zero-immigration counterfactual response βc. Appendix
B.4 shows this contribution approximates to:

∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt − βc
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

≈ (1− βc)
∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

(20)

which is equal to (1− βc) multiplied by the foreign share in (19). This is decreas-
ing in the counterfactual elasticity βc, and therefore in the internal elasticity γI .
Intuitively, if internal flows are more elastic, the foreign contribution to adjustment
crowds out the contribution from internal mobility. In the limit, as βc → 1, the
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overall population response in (18) goes to 1 (i.e. perfect adjustment), irrespective
of the elasticity of foreign inflows: new immigrants do not “grease the wheels” if
the wheels are already “greased” (i.e. if internal flows are already elastic).

Equations (19) and (20) encapsulate the two main messages of the paper. I next explore
these ideas empirically. After describing the data (in Section 3), I estimate the average
population response and its foreign share in Section 4. I then turn to the overall foreign
contribution. There are two ways to identify this. The first is to simply compare the
average response (18) to the counterfactual response βc in (15): I pursue this strategy in
Section 5. The second is to derive and estimate a “heterogeneous-response” specification
(technically the “reduced form” of the two-equation model above), which exploits local
variation in the foreign intensity µrt: i.e. comparing population responses in areas r
with greater/lesser access to new immigrants. As I will explain below, compared to
the counterfactual specification, this heterogeneous-response approach is less restrictive
theoretically but more demanding empirically (due to the presence of interaction effects).
Finally, I conclude the paper in Section 7 by modeling the foreign intensity µrt and
quantifying the spatial correlation between µFrt and ∆ñrt.

3 Data

3.1 Population

I identify foreign and (net) internal flows using decadal changes in local population stocks.
To this end, I rely on decadal census data on individuals aged 16-64, for 722 Commuting
Zones (CZs) in the Continental US, over 1960-2010.8

The model disaggregates changes in log population ∆lrt into contributions from foreign
and internal migration, i.e. λFrt and λIrt. Since I only observe population at discrete
intervals, I cannot precisely identify λFrt and λIrt, though I can offer a close approximation.
Let LFrt be the foreign-born population in area r at time t who arrived in the US in the
previous ten years (i.e. since t − 1). The total population change ∆Lrt can then be
disaggregated into LFrt and a residual, ∆Lrt−LFrt. And the log change can be written as:

∆lrt ≡ log
(
Lrt
Lrt−1

)
≡ log

(
Lrt−1 + LFrt
Lrt−1

)
+ log

(
Lrt − LFrt
Lrt−1

)
− log

(
1 + LFrt

Lrt
· ∆Lrt − LFrt

Lrt−1

)
(21)

8CZs are county groups, developed by Tolbert and Sizer (1996) to approximate local labor markets,
and popularized by Autor and Dorn (2013). Where possible, I use published census county-level ag-
gregates from the National Historical Geographic Information System (Manson et al., 2017). Where
necessary, like Amior and Manning (2018), I supplement this with data from microdata census extracts
and (for the 2010 cross-section) American Community Survey samples of 2009-11, using the Integrated
Public Use Microdata Series (Ruggles et al., 2017). See Appendix C.1 for further details. I begin the
analysis in 1960: this is because I do not observe migrants’ year of arrival in that year, so I cannot
identify the foreign contribution to local population growth in the 1950s.
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Motivated by (21), I approximate λFrt and λIrt with:

λFrt ≈ log
(

1 + LFrt
Lrt−1

)
(22)

λIrt ≈ log
(

1 + ∆Lrt − LFrt
Lrt−1

)
(23)

which leaves the final term of (21) as the approximation error. One might alternatively
take first order approximations, i.e. λFrt ≈

LFrt
Lrt−1

and λIrt ≈
∆Lrt−LFrt
Lrt−1

. These converge to
λFrt and λIrt as they individually become small. However, convergence in the case of (22)
and (23) merely requires that their product becomes small.

Of course, the residual component (23) does not just consist of internal flows. It
accounts for the entire contribution of natives and “old” migrants (i.e. those who arrived
in the US before t − 1), part of which is “natural” growth and emigration from the US.
Emigration is more relevant for the foreign-born (see e.g. Dustmann and Görlach, 2016),
so it is useful to additionally study the component of λIrt which is driven by natives alone:

λI,Nrt ≈ log
(
Lrt−1 + ∆LNrt

Lrt−1

)
(24)

where LNrt is the local stock of natives at time t.

3.2 Comparability with Figure 1

A crucial insight of my paper is that the foreign share of local population adjustment
vastly exceeds its share of gross migratory flows to CZs. Since I estimate adjustment
using decadal CZ-level population changes, I would ideally compare these against ten-
year migratory flows to CZs.

However, I do not observe these flows because of data limitations. Instead, I have
motivated the paper (in Figure 1) using evidence from annual flows to states: this enables
me to construct a consistent historical series. The mean foreign share of these flows over
1964-2010 in Panel B is 12%. Note this must exceed the foreign share of flows to CZs,
because there is (mechanically) more mobility across CZs than states (and these internal
flows are in the denominator of the share). But, it is not immediately obvious what
difference the time horizon should make to the foreign share.

Though I cannot observe ten-year flows, I can construct five-year flows across CZs in
some years. For example, in the 2000 census, respondents were asked where they lived
five years previously. In my sample of working-age individuals, the foreign share (i.e. the
fraction originating from abroad) of five-year flows is equal to 15.1%.9 Reassuringly, this

9I compute the five-year inflow of foreign-born individuals from abroad (i.e. the numerator) using
the 2000 census microdata. And I compute the gross five-year inflows to CZs (the denominator) using
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is similar to the foreign share of annual flows to states over 1996-2000 (in Figure 1), which
is 15.5%. I conclude from this that annual state flows offer a reasonable benchmark.

3.3 Employment

Throughout, I adjust employment for local demographics. I run probit regressions on
each census microdata cross-section to purge local employment rates of detailed charac-
teristics: these include age, education, ethnicity, gender, foreign-born status, and (among
immigrants) years in the US: see Appendix C.2 for further details. I then identify nrt− lrt
with the log of the composition-adjusted local employment rate. And I identify nrt with
the sum of (i) the log adjusted employment rate and (ii) log population.

This is a useful refinement which is absent in the bulk of the literature, including Amior
and Manning (2018). If different worker types value leisure differently, the employment
rate (my sufficient statistic for employment opportunities) may be conflated with local
demographic composition. This variation is not a problem if the Bartik instruments can
exclude it. But the exclusion restriction may be violated if high-employment groups
(such as the high-educated or foreign-born men: see Borjas, 2017) differ systematically
in mobility, and adjusting for composition can help address this concern. In terms of the
model, this can be interpreted as purging local variation in the supply shifter zsr which is
due to observable composition.

3.4 Shift-share variables

I identify demand shocks using Bartik (1991) shift-shares, brt. This predicts local employ-
ment growth, conditional on initial industrial composition, by assuming each industry i
grows at the same rate as elsewhere in the US:

brt =
∑
i

φirt−1∆ni(−r)t (25)

where φirt−1 is the share of area r workers employed in 2-digit industry i (there are 57
categories) in t − 1; and ∆ni(−r)t is the national log employment change in industry i,
excluding area r.10 The instrument is intended to exclude unobserved supply and amenity
effects in zsar . One may motivate this exclusion restriction in terms of the exogeneity of the
initial shares to the omitted shocks (as in Goldsmith-Pinkham, Sorkin and Swift, 2018),
or in terms of the exogeneity of the aggregate-level industry shifters (as in Borusyak, Hull
and Jaravel, 2018).

published statistics on migratory flows between US county pairs (which I aggregate to CZ-level). I take
this data from the C2 A1 and B4 A1 tables on the Census 2000 Migration DVD, kindly made available
by Kin Koerber: see https://www.census.gov/population/www/cen2000/migration/mig_dvd.html.

10Goldsmith-Pinkham, Sorkin and Swift (2018) recommend this exclusion to address concerns about
endogeneity to local supply shocks.
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Similarly, I identify foreign intensity µFrt with an enclave shift-share, popularized by
Altonji and Card (1991) and Card (2001). I motivate this shift-share theoretically in
Appendix A.2. New migrants are known to cluster in established co-patriot communities,
whether because of family ties, language or job networks. The shift-share predicts the
local supply of new migrants by allocating them proportionately to community size. To
express this predicted supply in terms of its contribution to the log population change
∆lrt, I use an identical functional form to (22):

µFrt ≈ log
(
Lt−1 +∑

o φ
o
rt−1L

F
o(−r)t

Lrt−1

)
(26)

where φort−1 is the share of origin o migrants (I study 77 countries) residing in area r at
time t − 1, and LFo(−r)t is the number of new origin o migrants (again excluding area r
residents) who arrived in the US between t− 1 and t.

Traditionally, the enclave shift-share µFrt is used to exclude local demand shocks zdrt.
But I make no such claim. Indeed, as I argue in Section 7, their correlation is crucial to
generating the excess foreign response. I am able to relax this assumption by virtue of the
sufficient statistic result. As I explain in Section 2.4, this result ensures that current and
historical demand shocks zdr do not appear in the estimating equations (10) and (12), and
nor do past foreign inflows; so I need only assume that µFrt excludes unobserved supply
and amenity effects.

I construct the Bartik and enclave shift-shares using census microdata: see Appendix
C.3 for further details. In Figure 2, I map the spatial distributions of composition-
adjusted employment growth ∆nrt, foreign inflows λFrt, and both the Bartik and enclave
shift-shares, averaged over all decades. All variables are typically larger in the North East,
the West, Texas and Florida. This speaks to the spatial correlation between employment
conditions and migrant enclaves, which is crucial to my argument.

3.5 Amenity controls

Throughout, I control for a set of plausibly exogenous amenity effects, to absorb as much
observable variation in zsar as possible: (i) presence of coastline11 (ocean or Great Lakes);
(ii) climate indicators12, specifically maximum January and July temperatures and mean
July relative humidity; (iii) log population density in 1900; and (iv) an index of CZ

11The coastline data was borrowed from Rappaport and Sachs (2003).
12Rappaport (2007) shows that Americans have been moving to cities with better weather.
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isolation (log distance to closest CZ, where distance is measured between population-
weighted centroids). As their impact may vary with time, I interact each with a full set
of year effects.

I do not control for time-varying amenities (such as crime), which may be endoge-
nous to local conditions (Diamond, 2016). As such, the estimated population responses
to employment shocks will account for both their direct (labor market) effect and any
amenity-driven indirect effects.

4 Average population response

4.1 Basic estimates

I begin by estimating the average population response to local employment shocks (18).
Expanding the composite employment shock ∆ñrt using (13), this yields:

∆lrt = βa0t + βa1 ∆nrt + βa2 (nrt−1 − lrt−1) + Arβ
a
At + εrt (27)

where t denotes decadal census year, and the a superscripts denote “average” effects. I
regress the log population change ∆lrt on the (composition-adjusted) log employment
change ∆nrt and the lagged (composition-adjusted) employment rate nrt−1 − lrt−1, i.e.
the initial conditions. The βa0t allow for year effects; and the vector Ar contains amenity
controls (i.e. observable components of zsar in (18)), which themselves are interacted with
year effects (in the βaAt).13 The error εrt contains any unobserved supply/amenity effects,
but no demand effects: based on the sufficient statistic result, the employment variables
should fully account for demand-driven variation in welfare. I weight observations by
lagged local population share and cluster standard errors by state.14

OLS estimates of (27) cannot be interpreted causally: unobserved amenity shocks will
bias βa1 estimates upwards, and βa2 will be biased down if these shocks are persistent (e.g.
a positive amenity shock will raise population growth but reduce the employment rate).
To address this, I instrument ∆nrt and nrt−1− lrt−1 with current and lagged Bartiks, i.e.
brt and brt−1. In theory, the lagged employment rate will depend on a distributed lag of
Bartiks; but the first lag alone has sufficient power for the first stage. I set out the first
stage estimates in Table 1. The current Bartik picks up the bulk of the effect on ∆nrt,
and the lagged Bartik the effect on nrt−1− lrt−1, with large Sanderson-Windmeijer (2016)
F-statistics (which account for multiple endogenous variables).

∆zsart in (14)) and sluggish population adjustment to these valuations (which comes through zsart−1 in
(14)).

14CZs are allocated to the state which accounts for the largest population share.
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I set out estimates of βa1 and βa2 in Table 2. The OLS effects are 0.86 and 0.25
respectively (column 1), and the IV effects 0.75 and 0.55 (with small standard errors:
column 2); so the OLS bias is in the expected direction. These numbers indicate large
but incomplete population adjustment over one decade to contemporaneous shocks and
initial conditions. Interestingly, they are somewhat larger than estimates based on raw
(i.e. non-adjusted) employment variables: see Appendix Table A6.15 Notice the null
hypothesis of zero dynamic effects (i.e. that the initial employment rate has no effect) is
consistently rejected with considerable power, despite the long decadal time horizons.

Column 3 replaces the dependent variable with the (approximated) foreign inflow λFrt,
and column 4 with the residual contribution λIrt. The approximation appears reasonable:
βa1 in columns 3 and 4 sum to 0.76, and βa2 to 0.58 - very close to the column 2 estimates.
Remarkably, new immigrants account for 32% of the overall population response to con-
temporaneous shocks (βa1 ) and 57% of the response to the lagged employment rate (βa2 ).16

What is the foreign share over the long run? To answer this, consider a one-off employ-
ment shock. Foreign inflows account for 32% of the initial 0.748 population response; and
they account for 57% of the remaining (1− 0.748) = 0.252 response. Taking a weighted
average of the two gives: (0.748× 32%)+(0.252× 57%) = 38%. This greatly exceeds the
foreign share of gross flows, µ̄F

µI
, which has averaged about 10% since the 1960s: see Sec-

tion 3.2. Based on (19), there are two possible explanations: a larger foreign population
elasticity (γF > γI) or spatial correlation between foreign intensity µFrt and employment
shocks. I attempt to disentangle these effects in Section 7 below.

Finally, column 5 reports the native component alone: λI,Nrt in (24). This excludes
“old” migrants, i.e. those already in the US in t − 1. The numbers are similar to
column 4: this indicates that old migrants contribute little to the population response,
unlike in Cadena and Kovak (2016) where they are dominant. Note this implies that
selective emigration (of old migrants) does not play an important role in local adjustment.
One concern is that the estimated contribution of old migrants may be conflated with
generational shifts (from foreign-born residents to their native children), but I show in
Appendix E.4 that accounting for this makes little difference. I also show in Appendix
Table A10 that the foreign response is not dominated by any particular origin group -
again, unlike in Cadena and Kovak.

15Using raw employment, I estimate βa1 as 0.63 and βa2 as 0.39. The difference is intuitive. The
college educated population is known to respond more strongly (see below), but these individuals also
have higher employment rates. As a result, the change in raw employment will exceed the composition-
adjusted change; so the population response to the latter will be larger.

16The mean foreign shares of the aggregate βa1 and βa2 responses are smaller once I omit population
weights (Appendix Table A8), since new migrants cluster in larger CZs. They are also smaller in OLS
(Appendix Table A1): 5% and 36% respectively. In the same table, I also regress the population changes
directly on the Bartik shift-share instruments: this yields similar patterns to the IV estimates.
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4.2 Native and migrant employment rate responses

For convenience, the model treats natives and migrants as perfect substitutes. But one
may concerned that local employment shocks (and the associated population responses)
affect natives and migrants differently. To study this, in columns 6-8 of Table 2, I replace
the dependent variable of (27) with log employment rate changes: first, the aggregate
rate ∆ (nrt − lrt), and then the native and migrant-specific rates. The latter two are
adjusted using the same procedure outlined in Section 3.3, but with the sample restricted
to natives or migrants.17 The column 6 estimates are merely transformations of those
in column 2: the effect of employment growth is equal to 1 − βa1 in (27), while that of
the lagged employment rate is −βa2 . In words, a larger population response mechanically
implies a smaller employment rate effect. But importantly, notice the responses of the
native and migrant employment rates (columns 7-8) are similar: this supports the model’s
assumptions.

4.3 Average population response by education

I now show that the foreign share of population adjustment is substantial among both
high and low education groups. The model above does not account for such heterogeneity;
but as Amior and Manning (2018) note, the sufficient statistic result makes it simple to
do so. One can write labor supply functions like (2) and utility functions like (4) for
individual education groups. And combining the two, the education-specific employment
rate can serve as a sufficient statistic for each group’s employment opportunities. The
ECM equation (27) can then legitimately be estimated separately for distinct education
groups - irrespective of the productive relationship between these groups.

With this in mind, I replace all variables of interest in (27) with college graduate
and non-graduate equivalents. Again following the procedure of Section 3.3, I adjust
employment for demographic composition, but this time using education-specific samples;
and I also construct new Bartik and enclave shift-shares using these samples.

Table 3 presents the IV estimates. Comparing columns 1 and 3, the aggregate pop-
ulation response is significantly larger for college graduates (as in Amior and Manning,
2018): the graduate response to current employment growth, βa1 , is now 1-for-1. The
standard error on the graduate βa2 is very large, but this is not surprising: the large βa1
implies little deviation in local employment rates. I leave the first stage estimates to

1711 small CZs in the 1960s are omitted from column 8: they do not offer a sufficient migrant sample to
deliver fixed effect estimates in the probit regressions, so I cannot compute migrant-specific composition-
adjusted employment rates.
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Appendix Table A4: as before, each instrument picks up the bulk of the variation for
the corresponding endogenous variable. The F-statistics are very large for non-graduates
(in excess of 50), but below 10 for graduates: this reflects the difficulty of identifying the
lagged employment rate effect.

The foreign response is large for both groups - and especially for graduates. New
immigrants account for 60% of the graduate βa1 response (compare columns 1 and 2), and
33% for non-graduates (columns 3-4). Indeed, the larger foreign response for graduates
accounts for the entire difference in aggregate responses across education groups: the
residual responses are similar. This contradicts Cadena and Kovak’s (2016) finding that
the low educated native population is inelastic: in Appendix F, I show that accounting
for local dynamics in their data can reconcile our results.

5 Counterfactual population response

5.1 Counterfactual empirical specification

The estimates above describe the average unconditional population response to local
employment disparities - and the foreign and internal shares of this response. But the
internal share does not tell us what adjustment would be in the absence of immigration.
This is because the internal response may plausibly be different in this counterfactual.

The counterfactual population response can be identified by equation (10), which
holds the foreign inflow λFrt fixed. In line with (10), I estimate the following specification:

∆lrt = βc0t + βc1∆nrt + βc2 (nrt−1 − lrt−1) + βcλλ
F
rt + Arβ

c
At + εrt (28)

Conditional on the employment controls (and given the sufficient statistic result), equa-
tion (10) shows that the εrt error in (28) should only contain unobserved supply/amenity
effects. In an effort to exclude these, I instrument the three endogenous variables (λFrt ,
∆nrt and nrt−1−lrt−1) with the enclave shift-share µFrt and the current and lagged Bartiks,
brt and brt−1. Table 4 reports first stage estimates: these have substantial power. It is
worth reiterating that βcλ (the coefficient on λFrt) does not identify the overall impact of
immigration on population growth, since I am holding employment fixed. For an analysis
of local adjustment to immigration shocks (and the respective of contributions of mobility
and employment) using a similar framework, see Amior (2020).

Notice that, in order to identify the counterfactual employment effects (βc1 and βc2), I
am using an instrumented endogenous variable (i.e. the foreign inflow λFrt) as a control.
This is somewhat unusual. The specification comes directly out of the model. But the
meaning of such a control can also be understood in the context of a two-stage estimator,
where the endogenous variables (in the second stage) are replaced by their projections on
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the instruments. In the case of the foreign inflow control λFrt, the second stage partials out
its entire projection on both the enclave µFrt and Bartik brt instruments. Effectively, this
allows me to turn off any effect of (Bartik-driven) employment shocks which manifests
via realized foreign inflows, λFrt.

5.2 Estimates of counterfactual equation

I present IV estimates of the counterfactual equation in Table 5 (I leave OLS and reduced
form estimates to Appendix Table A2). For the sake of comparison, I begin in column 1
by reproducing the IV average population responses (βa1 and βa2 ) from Table 2. In column
2, I then control for the foreign inflow λFrt to retrieve the counterfactual responses (βc1 and
βc2). These are smaller than the average responses, as theory would predict: immigration
does contribute to population adjustment overall. But the difference is remarkably small
(around 5% of each coefficient) and not statistically significant.

This may seem surprising, given that foreign inflows account for such a large share of
the overall population response (see Table 2). But, a large foreign share is not the same
as a large counterfactual contribution, because the internal mobility response may differ
in the counterfactual. And indeed, this is exactly what we see: in column 2 of Table
5, the effect of foreign inflows λFrt on population growth is very small (about 0.1) and
precisely estimated (with a standard error of just 0.06). This means that, conditional on
the local employment dynamics, each new immigrant (who arrives in response to these
dynamics or otherwise) causes a net internal outflow of 0.9 natives or earlier immigrants.

According to equation (15) in the model, the ∆nrt and λFrt coefficients should sum
to 1: i.e. βcλ + βc1 = 1. Equivalently, net internal flows λIrt should respond equally (but
in the opposite direction) to employment shocks and foreign inflows. The intuition is
that both elasticities represent pure mobility responses to changes in local employment
opportunities - as summarized by the local employment rate (the sufficient statistic). The
sum of the coefficients is indeed very close to 1 (about 0.84), though the discrepancy is
statistically significant due to the small standard errors (the p-value for the null of equality
is 0.016). One possible explanation is native distaste for migrant enclaves (as in e.g.
Card, Dustmann and Preston, 2012; Saiz and Wachter, 2011; Fernandez-Huertas Moraga,
Ferrer-i Carbonell and Saiz, 2019), which is not in the model: this would generate a larger
internal migratory response to λFrt (and hence a smaller βcλ). An alternative is monopsony:
if firms can exploit immigration by extracting larger rents from native labor (as in Amior
and Manning, 2020), immigration may have a larger effect on native welfare than the
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model in Section 2 predicts.18

A central premise of this paper is that the enclave shift-share µFrt is endogenously de-
termined by persistent historical shocks (and I model this process more explicitly below).
In order to deploy µFrt as an instrument, I rely heavily on the sufficient statistic result:
that the initial employment rate control partials out the entire history of local demand
and immigration shocks. Fortunately, it is possible to test this restriction directly. In
the spirit of Jaeger, Ruist and Stuhler (2018), my strategy is to control for the lagged
enclave shift-share µFrt−1. As the model predicts, µFrt−1 adversely affects the initial em-
ployment rate in the first stage: see column 6 of Table 4. However, conditional on the
initial employment rate (itself suitably instrumented), µFrt−1 has no effect on population
growth in the second stage: see column 3 of Table 5.19 This indicates that serial correla-
tion in µFrt will not violate the exclusion restriction, because the employment rate control
successfully absorbs the impact of historical foreign inflows.

In columns 4-5, I re-estimate equation (28), but replacing the key variables (population
growth, foreign inflow and employment shocks) and their instruments with education-
specific equivalents. Again, the employment responses are very similar to those in Table
3. That is, immigration makes little difference to the speed of local adjustment, even
within education groups. I leave the first stages of columns 4-5 to Appendix Table A5:
the F-statistics all exceed 70 for non-graduates, but are below 10 for graduates. As before,
this reflects the difficulty of identifying the latter’s lagged employment rate effect.

Finally, columns 6-8 replace the dependent variable with changes in log employment
rates (with the aggregate-level variables restored on the right-hand side). As before, the
overall employment rate effect (column 6) is a simple transformation of the column 2
estimates. And again, reassuringly, the native and migrant employment rates respond in
a similar way (columns 7-8). In particular, the coefficients on the foreign inflow λFrt are
not significantly different for natives and migrants. This suggests there is no great loss
from treating natives and migrants as perfect substitutes at the aggregate level - as I do
in the model.

18One possible concern is that the βcλ estimate is biased due to undercoverage of undocumented mi-
grants (which would cause us to systematically underestimate the foreign inflow λFrt). However, Amior
(2020) argues that controlling for employment growth ∆nrt (as I do in these specifications) eliminates
the bulk of this bias.

19In contrast, µFrt−1 does enter negatively in the reduced form specification (see Panel B of Appendix
Table A2), where the initial employment rate control does not appear.
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6 Heterogeneous-response specification

6.1 Empirical specification

Despite immigration’s vast share of local population adjustment, the estimates above
show it makes little contribution to population adjustment overall. Above, I have relied
on (15) to identify the zero-immigration counterfactual. But the effect is also visible in an
alternative “heterogeneous-response” specification, which exploits temporal and spatial
variation in foreign intensity µFrt (as proxied by the enclave shift-share). To derive this
specification, I substitute the foreign response equation (16) for λFrt in the counterfactual
equation (15). This yields:

∆lrt = (1− βc)µFrt +
[
1 + (1− βc) γ

FµFrt
γIµI

]
βc (∆ñrt −∆z̃sart ) (29)

where ∆ñrt and ∆z̃sart are the “composite” employment and supply/amenity shocks, as de-
fined by (13) and (14). Technically, (29) is the “reduced form” of the two-equation model
of Section 2.6, since µFrt and the composite shocks are “exogenous” inputs determined
outside these two equations; though I do of course treat employment as endogenous in
the broader theoretical framework.

The crucial feature of equation (29) are the interactions between the employment
shocks ∆ñrt and foreign intensity µFrt. These interactions identify how greater local ac-
cess to new immigrants (i.e. larger µFrt) affects the area r population response, accounting
for any crowd-out of the internal response (which comes through the 1−βc term). Com-
pared to the counterfactual specification, this “reduced form” approach is less restrictive
theoretically but more demanding empirically (due to the interaction effects).

After expanding the composite shocks, equation (29) motivates the following empirical
specification:

∆lrt = βh0t + βh1 ∆nrt + βh2 (nrt−1 − lrt−1) + Arβ
h
At (30)

+
[
βh0µ + βh1µ∆nrt + βh2µ (nrt−1 − lrt−1) + Arβ

h
Aµ

]
µFrt + εrt

where the h superscripts denote “heterogeneous response”. The enclave shift-share µFrt en-
ters both independently and in interactions with all other variables: employment growth
∆nrt, the lagged employment rate (nrt−1 − lrt−1) and the amenity effects Ar, in line with
(29). The error εrt contains any supply/amenity shock (in ∆z̃sart in (29)) which is orthog-
onal to the Ar vector. In practice, I recenter all variables interacted with µFrt to zero, so
βh0µ describes the impact of µFrt for the average CZ.

This specification is similar in spirit to Cadena and Kovak (2016), who also exploit
local heterogeneity. But they do not account for local dynamics, and they study how
population responses vary with the initial Mexican population share (rather than the en-
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clave shift-share). My focus on the shift-share is motivated by my model: I am interested
in how population adjustment differs in places with better access to new immigrants
(rather than existing Mexican residents), given their vast share of population adjustment
in Table 2; and this is precisely what the shift-share predicts.

It is important to stress that the interaction variable here is the enclave shift-share µFrt,
and not the realized foreign inflow λFrt. This comes directly out of the model. Intuitively,
there is nothing in the model to suggest the impact of realized foreign inflows should
vary with the employment shock: this is clear from equation (9). However, changes in
access to new immigrants (as proxied by the enclave shift-share) may in principle affect
the overall population response to employment shocks (as this access modifies the foreign
response to local shocks); and this is the claim I am seeking to test.

I have introduced two new endogenous variables, so I need two additional instruments:
I use interactions between µFrt and the current and lagged Bartiks. Table 6 reports the
first stage estimates: each instrument has a large positive effect (with small standard
error) on its corresponding endogenous variable. As before, identification requires only
that the instruments are independent of unobserved supply/amenity effects. This is be-
cause the employment change and lagged employment rate fully summarize labor market
opportunities, so the error εrt should in principle contain no demand effects: see equation
(29).

6.2 Estimates of heterogeneous-response specification

I report OLS and IV estimates of (30) in Table 7, separately for aggregate population
growth ∆lrt and its components (as in Table 2). The interactions in the OLS specification
(column 1) are insignificant for the contemporaneous shock and positive for the lagged
employment rate - though endogeneity is clearly a problem. When I apply the instruments
in column 2, the interactions are statistically insignificant for both the current shock and
initial conditions, and the direct effect of µFrt is also insignificant. That is, the aggregate
population response is not significantly different in areas with greater access to new
immigrants.

I now disaggregate the aggregate population response into its components. In column
3, I replace the dependent variable with the foreign inflow λFrt. Consistent with equation
(16) in the model, the interactions pick up the entire effect: in CZs with µFrt = 0, em-
ployment shocks draw no foreign inflows. But at µFrt = 0.1, which is the 98th percentile

23



of µFrt (the maximum is 0.29: the distribution is heavily skewed), the foreign responses to
∆nrt and nrt−1 − lrt−1 are a remarkable 0.49 and 0.74 respectively.

Consistent with the counterfactual estimates above, these larger foreign responses are
offset by significantly lower internal mobility. Moving from µFrt = 0 to 0.1, the residual
contribution (column 4) declines from 0.81 to 0.28 for the ∆nrt response, and from 0.60
to -0.06 for (nrt−1 − lrt−1). It also fully offsets the direct effect of µFrt (i.e. without the
interactions) on local population. The fit of the model is remarkably strong, despite
the presence of four endogenous variables. For example, the βh1µ interaction effect in the
offsetting residual response (column 4) has a t-statistic of 4.7. This is tribute to the large
sample, which spans 50 years.

Column 5 reports the native-only component. The interaction effects exceed those
of column 4, implying that old migrants reinforce the foreign response in high-µFrt areas
(despite contributing little on average in Table 2), while natives account for (more than)
the entire crowding out effect. This is most likely a mechanical composition effect: old
migrants disproportionately reside in high-µFrt CZs, so they should contribute a larger
share (and natives a smaller share) of population adjustment in these places.

In the final three columns, I replace the dependent variable with changes in log em-
ployment rates. As in Table 2, the coefficients in column 6 are merely transformations of
those in column 2. Given the insignificant interaction effects, these results fail to confirm
Borjas’ (2001) hypothesis that new immigrants help eliminate local labor market dispar-
ities (which I summarize here by local employment rates); and the same applies to the
native and migrant employment rates individually.

In Appendix Table A3, I offer OLS and reduced form specifications corresponding
to Table 7. The latter regresses population changes (and its components) directly on
the instruments (i.e. interactions between the enclave shift-shares and the current and
lagged Bartik shift-shares): these estimates also point to large crowd-out of the internal
response to local shocks. In Appendix E (and the corresponding Tables A6-A8), I study
the sensitivity of the IV estimates in Tables 2 and 7. The crowd-out effects are robust
to including CZ fixed effects, which pick up (supply-driven) local population trends:
this is a demanding test in such a short panel. They are also robust to omitting the
lagged employment rate and to using raw (instead of composition-adjusted) employment
variables. Since adjusting local employment for observable demographics makes little
difference to the result, one may be less concerned about the influence of unobservables.
Goldsmith-Pinkham, Sorkin and Swift (2018) recommend studying sensitivity to choice
of controls: omitting the amenity-µFrt interacted controls makes little difference to the
coefficients, though the standard errors do become larger. One may be concerned that
the crowding out effects are driven by outliers with very large µFrt (given the skew in this
variable), but dropping observations with µFrt > 0.1 makes little difference. The crowding
out result is also robust to removing the population weights, at least after restricting the
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sample to CZs with population exceeding 50,000.
To summarize, my estimates of the heterogeneous-response specification are consistent

with the conclusions of the counterfactual specification (28): the large foreign response
crowds out the contribution of internal mobility.

6.3 Implications for trends in regional mobility

The crowd-out of the internal response can help account for the contemporaneous decline
in regional mobility. Since the 1960s, the rate of cross-state migration has approxi-
mately halved (Figure 1). Numerous explanations have been proposed, including declin-
ing location-specific occupational returns (Kaplan and Schulhofer-Wohl, 2017), greater
barriers to mobility (Dao, Furceri and Loungani, 2017) and a declining rate of job tran-
sitions (Molloy, Smith and Wozniak, 2017). But it may also reflect accelerating immi-
gration: to the extent that new immigrants locate in high-employment areas (thereby
smoothing local disparities), this obviates the need for existing US residents to move to
these places (at potentially great cost) themselves. The claim that internal inflows to
these areas should decline (rather than outflows increase) is consistent with a growing
body of evidence on migratory responses to local shocks.20

Molloy, Smith and Wozniak themselves raise the possibility that accelerating immi-
gration may play a role, but they are dubious for two reasons. First, they find that
internal flows to low (as well as high) immigration states fell noticeably; but this may
reflect (omitted) weak demand conditions. And second, at the national level, they find
internal mobility declined among high and low educated natives alike. This undermined
their confidence in the hypothesis, because they expected immigration to be more salient
among the low educated - but the results in Table 3 suggest otherwise.

To quantify the impact on internal mobility, note that the mean enclave shift-share µFrt
(which predicts foreign inflows) has grown from 0.010 in the 1960s to 0.056 in the 2000s.
As a result of this change, the estimates of Table 7 (column 4) predict that the mean
internal response to contemporaneous employment shocks ∆nrt will have fallen from 0.76
to 0.51 (a 33% decline), and the mean response to initial deviations (nrt−1 − lrt−1) from
0.53 to 0.23 (a 57% decline). Aggregating these numbers, the long-run internal response
to a one-off employment shock will then have fallen by 39%.21 As it happens, this exactly
matches the decline in internal flows observed in Figure 1. Of course, other factors may
well be contributing to the decline in regional mobility. But these numbers suggest that

20The evidence consistently shows that internal population responses to local shocks are driven by
changes in migratory inflows rather than outflows: see Monras (2015) and Amior and Manning (2018)
on local employment shocks; and see Dustmann, Schoenberg and Stuhler (2017) and Amior (2020) on
immigration shocks.

21Following a one-off employment shock, a fraction 0.748 of the overall population response occurs
contemporaneously (see column 2 of Table 2), and the remaining 0.252 comes in response to initial
deviations. Therefore, the long-run response will have declined by (0.748× 33%)+(0.252× 57%) = 39%.
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immigration likely played an important role. It is worth stressing that my hypothesis
is similar in flavor to Kaplan and Schulhofer-Wohl (2017): both emphasize the role of
diminishing returns to mobility (in my case, among existing US residents) rather than
growing costs.

7 Accounting for the excess foreign share

7.1 Estimating the contribution of spatial correlation

Though immigration has little effect on the overall rate of population adjustment, it does
account for a vast share of the average population response in Table 2. In particular, the
foreign share of the population response greatly exceeds its share of gross flows, µ̄F

µI
, which

has averaged about 10% since the 1960s: see Section 3.2. In this final section, I attempt
to uncover the reasons why. Based on (19), there are two possible explanations: a larger
foreign population elasticity (γF > γI) or spatial correlation between foreign intensity
µFrt (as proxied by the enclave shift-share) and employment shocks.

To partial out the contribution of the spatial correlation, I can simply control for
the enclave shift-share µFrt in the average response equation (27).22 This is equivalent to
dropping the interaction effects from the heterogeneous specification (30). I set out my
estimates in Table 8. The first three columns replicate IV average responses from Table
2, for comparison; and the final three columns control for µFrt.

The coefficient on µFrt is close to 1 for the foreign inflow λFrt (column 5), but close to 0 for
the aggregate response (column 4), consistent with the crowd-out effect discussed above.
But the key point here is what happens to the employment responses. Comparing columns
4 and 5, the foreign share of the β1 response is just 7%, and the share of the β2 effect is
28%. Over the long run, these numbers imply a (0.735× 7%) + ((1− 0.735)× 28%) =
13% foreign share. This is much smaller than the 38% share implied by the basic speci-
fications in columns 1-2. And it is also remarkably close to the 10% share of gross flows.
That is, statistically at least, the excess foreign share is almost entirely explained by
spatial correlation between employment shocks and enclaves - without any recourse to a
large foreign elasticity γF .

22Of course, to the extent that the enclave shift-share measures the foreign intensity with error, this
exercise will understate the true contribution of spatial correlation. But it can nevertheless offer a useful
guide.
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7.2 Source of spatial correlation

But what is the source of this spatial correlation? My dynamic model offers a simple
explanation: areas with persistently strong employment conditions (due to either sluggish
population adjustment or persistence in the shocks themselves) will attract persistently
large foreign inflows. These foreign inflows will generate ever larger migrant enclaves,
which boost future inflows. This creates a local snowballing effect, which can account for
the excess foreign share of local population adjustment.

I now attempt to quantify this snowballing effect, and check whether it can plausibly
account for excess foreign share observed in the data. To this end, I begin by estimating an
evolutionary process for the enclave shift-share µFrt (which my model in Section 2 takes as
given). I then simulate the dynamic response to local demand-driven employment shocks
(in an environment with endogenous µFrt), and quantify the implications for the foreign
response.

As always, I take employment as given in this exercise. One might alternatively sim-
ulate the response to the labor demand shifter itself (i.e. zdr in (3)), allowing employment
to adjust endogenously to local population. However, accounting for this feedback would
distract from my main goal: to understand the foreign share of the population response.
In any case, Blanchard and Katz (1992) and Amior and Manning (2018) find that employ-
ment contributes little to local adjustment: population bears almost the entire burden.

Of course, there may be other ways to explain the spatial correlation between enclaves
and employment rates. In particular, strong employment conditions may themselves be a
consequence of foreign inflows.23 This would require an elasticity of local employment to
foreign inflows which exceeds 1 - implying that immigration amplifies local employment
shocks, rather than “greasing the wheels”. However, Table 2 rejects this hypothesis: the
coefficient on foreign inflows λFrt in the counterfactual equation (column 2 of Table 5)
is well below 1. This is also consistent with evidence from elsewhere that immigration
moderately reduces local employment rates: see e.g. Card (2001), Smith (2012), Edo and
Rapoport (2019), Gould (2019) and Amior (2020).

7.3 Local evolution of enclave shift-share

In the model in Section 2, I take the foreign intensity µFrt as given. But I now build a simple
empirical model for its evolution. I begin, in the first column of Table 9, by regressing µFrt
on its lag. This yields a precisely estimated 1: µFrt has a unit root. Consequently, local
enclaves will be permanently shaped by historical shocks. As Jaeger, Ruist and Stuhler
(2018) note, the persistence in µFrt reflects stickiness in migrant settlement patterns (i.e.
the φort−1 in equation (26)) and persistence in aggregate-level foreign inflows by country
of origin (the LFo(−r)t).

23For example, Peri (2012) finds that immigration boosts local TFP growth.
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Since µFrt is identified using t− 1 enclaves, changes between µFrt−1 and µFrt will reflect
local demographic changes between t− 2 and t− 1. This will of course depend on foreign
inflows λFrt−1 between t− 2 and t− 1. Including λFrt−1 deprives me of one decade of data,
but this does not affect the unit root (column 2). As expected, λFrt−1 enters positively
in column 3. The effect is less than one (about 0.5), which reflects diffusion of earlier
migrants. Notice also the coefficient on µFrt−1 falls to about 0.5: this is because µFrt−1

enters λFrt−1 with a coefficient of about 1 (see column 5 of Table 8). Column 4 controls
additionally for the lagged net internal flow, λIrt−1. This has no effect, which suggests
internal flows typically have a balanced composition of native and foreign-born workers.

7.4 Impulse response

To see how this amplifies the foreign response, I return to the model described by (15)-
(16) above; but I now include an additional equation for the evolution of µFrt. Since the
dynamics are crucial here, I also expand the composite employment shock ∆ñrt using
(13); and I incorporate an equation which updates the local population level lrt, based on
prior population growth ∆lrt. After removing the supply shocks (which I do not require
for this exercise), this yields the following four-equation system:

∆lrt = βc1∆nrt + βc2 (nrt−1 − lrt−1) + βcλλ
F
rt (31)

λFrt = µFrt
[
1 + βF1µ∆nrt + βF2µ (nt−1 − lt−1)

]
(32)

∆µFrt = θ
(
λFrt−1 − µFrt−1

)
(33)

lrt = lrt−1 + ∆lrt (34)

Equation (31) is the counterfactual population response equation: based on the IV es-
timates of Table 5 (column 2), βc1 = 0.720, βc2 = 0.515 and βcλ = 0.115. Equation (32)
describes the foreign response to local employment shocks: based on column 3 of Table 7,
βF1µ = 4.908 and βF2µ = 7.407. And (33) describes the evolution of µFrt: based on column
3 of Table 9, I impose a unit root and calibrate θ to 0.469.

Persistence in the local employment shocks is crucial to understanding the excess
foreign response. I illustrate this in Figure 3, which traces out the impulse responses
to exogenous changes in ∆nrt - both temporary and permanent. At time 0, I normalize
log employment and population to zero, and I set foreign intensity µFrt to the sample
mean, 0.033. In Panel A, I study a temporary 0.1 shock to ∆nrt at time (decade) 1: that
is, ∆nrt = 0.1 at t = 1, and ∆nrt = 0 thereafter. Note this is a temporary shock to
the employment change, but a permanent shock to its level. The log employment rate
initially grows by just 0.02, mainly because of a large internal response λIrt (computed as
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∆lrt − λFrt). The foreign response λFrt is initially small; but unlike the internal response,
it persists - despite the swift elimination of the employment shock. Intuitively, the larger
λFrt causes a permanent expansion of the foreign intensity µFrt (which follows a unit root).
In this sense, the foreign inflow “overshoots”. In response, the internal flow λIrt eventually
turns negative - though not sufficiently to prevent a slight dip in the employment rate.24

However, if the shock persists, there is no such “overshooting”: foreign inflows are
strongly directed to high-employment areas, where they are most needed. This is clear
from Panel B, which simulates a permanent 0.1 shock to local employment growth: i.e.

∆

nrt = 0.1 for all t > 0. It is a well known feature of ECMs that permanent shocks cause
permanent deviations in outcomes: the employment rate eventually stabilizes at about
0.03.25 This permanent deviation elicits an explosive foreign inflow, driven by feedback
between λFrt and burgeoning local enclaves µFrt, which helps to satisfy the ever-expanding
demand. By decade 4, the internal response is almost fully crowded out - and foreign
inflows account for almost the entire population response. Thus, the more persistent are
local shocks, the greater the foreign response.

7.5 Quantifying the contribution to the foreign share

Panel B shows that persistent shocks amplify the foreign response, due to the enclave
dynamics. Can this mechanism quantitatively account for the vast foreign share of local
population adjustment recorded in Table 2?

Using the four-equation system above, I can write the spatial correlation between
foreign intensity µFrt and ∆ñrt in terms of the persistence of employment shocks ∆ñrt (for
the reasons illuminated by Figure 3): see Appendix B.5. Recall ∆ñrt is the “composite”
employment shock, which accounts for both the contemporaneous change and lagged em-
ployment rate. After substituting this expression for the spatial correlation into equation
(19), the mean foreign share can be approximated as:

∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

≈ γF µ̄F

γIµI
+

1− βc1 +
[
θ
γF µ̄F

γIµI
∑
i>0

Cov (∆ñrt,∆ñrt−i)
V ar (∆ñrt)

]−1

−1

(35)

where θ is the elasticity of migrant enclaves to foreign inflows, and ∑i>0
Cov(∆ñrt,∆ñrt−i)

V ar(∆ñrt)

is the infinite sum of ∆ñrt autocorrelations (which summarizes the persistence of local
shocks). Recall the mean foreign share of the population response is 38% (based on Table

24This dip occurs because, conditional on employment, foreign inflows do not perfectly crowd out
internal flows. That is, they boost local population: βcλ > 0.

25The employment rate does begin to contract (very slowly) by the fourth decade, again because
foreign inflows do not perfectly crowd out internal flows (i.e. βcλ > 0).
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2), which is much larger than the 10% share of gross migratory flows, µ̄F
µI
. Can persistence

in ∆ñrt quantitatively account for the excess, without resorting to a foreign elasticity γF

which greatly exceeds the internal elasticity γI?
I only observe a short panel, so I impute the sum of autocorrelations of xrt using

estimated autoregressive processes. Based on (13), I can impute values for the composite
employment shock ∆ñrt using estimates of the counterfactual equation (31):

∆ñrt = ∆nrt + βc2
βc1

(nrt−1 − lrt−1) (36)

where I set βc1 = 0.720 and βc2 = 0.515 based on column 2 of Table 5. In Table 10, I
then estimate AR(1) and AR(2) processes for my imputed ∆ñrt values, controlling for
the amenity and year effects. Variation in ∆ñrt may of course be conflated with omitted
supply shocks. In an attempt to exclude these effects, I also offer IV estimates - where I
instrument ∆ñrt−1 and ∆ñrt−2 with once and twice lagged Bartiks respectively.

Columns 5-6 suggest that ∆ñrt follows a higher order process - unsurprisingly, given
the dynamic term in (36). For AR(2), the implied sum of autocorrelations (reported
in the table) is about 4 for OLS and 10 for IV. See Appendix B.6 for derivations of
these sums. Calibrating θ to 0.469 (based on Table 9) and assuming equal foreign and
internal elasticities (γF = γI), equation (35) then yields foreign shares of the population
response of 30% (based on the OLS estimate) and 55% (based on IV). This suggests the
estimated persistence in local shocks is sufficient to generate the observed 38% foreign
share, without resorting to a large foreign elasticity γF .

7.6 Methodological implications

Above, I have explored how the dynamics of migrant enclaves amplify the foreign response
to local labor market disparities. But the local evolution of enclaves also has important
methodological implications. There is a large literature which seeks to estimate the
impact of immigration on local labor markets, and many studies rely on the enclave
instrument for identification. There is a long-standing concern that this instrument is
spatially correlated with unobserved local demand conditions: see e.g. Borjas (1999). My
contribution is to explicitly model how this correlation materializes (through the local
snowballing effect) and quantify the effect.

However, this does not mean the enclave instrument should be abandoned. As I
discuss above, under the model’s assumptions, it is possible to partial out the the en-
tire history of both labor demand and immigration shocks by conditioning on the initial
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employment rate. In a companion paper (Amior, 2020), I apply this strategy when esti-
mating the local impact of immigration shocks: by exploiting overidentifying conditions,
I show the employment rate control serves its function remarkably well.

8 Conclusion

The US suffers from large and persistent local disparities in employment rates. In prin-
ciple, these disparities should be eliminated by population mobility. Can immigration
accelerate this process? Remarkably, I find that new immigrants account for 40% of the
local population response to employment shocks. The effect is very general: I estimate
a substantial foreign response in both high and low educated markets, driven by immi-
grants from diverse origins. And it greatly exceeds their share of gross migratory flows
(just 10%).

I argue the “excess” foreign response (i.e. the excess of 40% over 10%) is unconnected
with any mobility advantages of immigrants. Rather, my empirical estimates show it
is driven by their strong preference to settle in migrant enclaves, which are dispropor-
tionately located in high-employment areas. I attribute this spatial correlation to a local
snowballing effect, driven by persistent local shocks and the dynamics of migrant enclaves.
Importantly, a dynamic model (disciplined by the data) can quantitatively account for
this effect.

Despite this, foreign inflows do not significantly accelerate population adjustment,
as they crowd out the contribution of internal mobility. This effect can help account
for the secular decline in regional mobility in recent decades: to the extent that new
immigrants locate in high-employment areas (thereby smoothing local disparities), this
obviates the need for existing US residents to move to these places (at potentially great
cost) themselves.
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A Logit model of residential choice

A.1 Internal migratory flows

In this appendix, I set out a logit model of residential choice with idiosyncratic local
preferences (building on e.g. McFadden, 1978, Monras, 2015, and Diamond, 2016). The
intent is to motivate the equations for the rate of net internal inflows, λIr, and foreign
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inflows, λFr : i.e. (7) and (8) respectively. I begin by studying internal migratory flows,
and I turn to foreign inflows in the next section.

For worker i, the value of living in area r is:

vir = γIvr + εir (A1)

where vr is a local fixed effect common to all workers (which will include the wage); and
εir is a logistically distributed i.i.d. taste shock. With arrival rate ζI , workers draw πLs

independent taste shocks from every area s (where Ls is local population) and choose
their most preferred match. Thus, εir in area r can be interpreted as the maximum of
πLs independent ε draws. This assumption can be motivated by a concept of network
size: workers are more likely to meet a contact (offering a good local match) in larger
areas.

Relative to local population, the net internal flow of workers to area r is then:

λIr = ζI
(

Lr exp γIvr∑
s Ls exp γIvs

·
∑
s6=r Ls
Lr

−
∑
s6=r Ls exp γIvs∑
s Ls exp γIvs

)
(A2)

= ζI
∑
s 6=r Ls

(
exp γIvr − exp γIvs

)
∑
s Ls exp γIvs

In the first line, the first term represents the inflow to area r, and the second term
represents the outflow. The inflow term is multiplied by ∑

s 6=r Ls (as workers arrive
from multiple locations) and divided by Lr (so the inflow is expressed relative to local
population). Now, taking a first order approximation of λIr around a long run equilibrium
with vs = v̄ in all areas s:

λIr ≈
dλIr
dvr
|vs=v̄ (vr − v̄) (A3)

= γIµIr (vr − v̄)

where µIr is the steady-state migration rate out of area r:

µIr = ζI
(

1− Lr∑
s Ls

)
(A4)

In an economy with many areas r, µIr will approximate to ζI , which is spatially invariant.
So, (A3) then yields equation (7) in the main text, with µI ≈ ζI .

A.2 Foreign inflows

Suppose there is a constant inflow ζFo of workers to the US from origin country o. On
arrival, workers choose their most preferred location. Similarly to internal migrants, they
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sample multiple taste shocks from each area. But in this case, the sampling is proportional
to the number of co-patriots (of origin o) in each area, Lor. As before, this assumption
can be motivated by network size: origin o migrants are more likely to have contacts
(who can help with absorption or job search) in areas with larger Lor. Utility in area r
is given by:

vFir = γFvr + εir (A5)

where εir is the maximum draw in each area r. Relative to local population, the total
foreign inflow is then:

λFr =
∑

0

(
Lor exp γFvr∑
s Los exp γFvs

· ζ
Fo

Lr

)
(A6)

where I have summed over all origin groups o. Consider a long run equilibrium with
vs = v̄ in all areas s. Relative to local population, the steady-state foreign inflow to area
r (i.e. the “foreign intensity”) is then:

µFr = 1
Lr

∑
0

Lor∑
s Los

ζFo (A7)

Notice this is approximately equal to the enclave shift-share instrument described in
equation (26), which I use to proxy the foreign intensity.

Finally, taking a first order approximation of λFr around this long run equilibrium
with vs = v̄:

λFr ≈ µFr + dλFr
dvr
|vs=v̄ (vr − v̄) (A8)

= µFr + γF

Lr

∑
0

(
1− Lor∑

s Los

)
Lor∑
s Los

ζFo (vr − v̄)

And if Lor is small compared to ∑s Los, this can be approximated by:

λFr ≈ µFr
[
1 + γF (vr − v̄)

]
(A9)

which yields equation (8) in the main text. Once migrants enter the US, I assume they
behave identically to existing residents - as described in the previous section. That is,
the utility weight on vr in (A5) changes from γF to γI , and they sample taste shocks
identically to existing residents - that is, proportional to total (rather than co-patriot)
local population.
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B Theoretical derivations

B.1 Derivation of counterfactual equation (10)

Here, I show how equation (9) can be discretized to yield (10). To ease notation, for the
purposes of this derivation, I write γIµI as γ. Let xr (τ) denote the value of some variable
x in area r at time τ . I can then write (9) as:

∂eγτ lr (τ)
∂τ

|τ=t = eγτλFr (τ) + γeγτ [nr (τ)− zsar (τ)] (A10)

Integrating both the left-hand and right-hand sides between τ = t− 1 and τ = t:

eγtlr (t)− eγ(t−1)lr (t− 1) =
∫ t

t−1
eγτ

[
λFr (τ) + γnr (τ)− γzsar (τ)

]
dτ (A11)

Rearranging gives:

lr (t)− lr (t− 1) =
∫ t

t−1
e−γ(t−τ)

[
λFr (τ) + γnr (τ)− γnr (t− 1)− γzsar (τ)

]
dτ

+
(
1− e−γ

)
[nr (t− 1)− lr (t− 1)] (A12)

And rearranging again:

lr (t)− lr (t− 1) =
∫ t

t−1
e−γ(t−τ)λFr (τ) dτ + [nr (t)− nr (t− 1)] (A13)

− [zsar (t)− zsar (t− 1)]−
∫ t

t−1
eγ(τ−t) [ṅr (τ)− żsar (τ)] dτ

+
(
1− e−γ

)
[nr (t− 1)− lr (t− 1)− zsar (t− 1)]

I now impose that the foreign inflow λFr (τ) is constant and equal to λFrt within the (t− 1, t]
unit interval. And I assume further that employment nr and the supply/amenity effect
zsar change at a constant rate over the interval. This implies:

lr (t)− lr (t− 1) =
(

1− e−γ

γ

)
λFrt +

(
1− 1− e−γ

γ

)
[nr (t)− nr (t− 1)− zsar (t) + zsar (t− 1)](A14)

+
(
1− e−γ

)
[nr (t− 1)− lr (t− 1)− zsar (t− 1)]

which is equation (10).
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B.2 Derivation of discrete-time foreign inflow (12)

I assume the foreign intensity µFr (τ) is constant and equal to µFrt within the (t− 1, t] unit
interval. Integrating both sides of equation (11) within the interval, I have:

λFrt = µFrt + γFµFrt
γIµI + γFµFrt

(
∆lrt − µFrt

)
(A15)

Replacing ∆lrt with the counterfactual equation (10), and rearranging:

λFrt =

 γIµI

γIµI + γFµFrt
(
1− 1−e−γIµI

γIµI

)
µFrt (A16)

+ γFµFrt

γIµI + γFµFrt
(
1− 1−e−γIµI

γIµI

) [(1− 1− e−γIµI

γIµI

)
(∆nrt −∆zsart ) +

(
1− e−γIµI

) (
nrt−1 − lrt−1 − zsart−1

)]

Taking a first order approximation around µrt = 0 then gives:

λFrt ≈ µFrt +
γFµFrt
γIµI

[(
1− 1− e−γIµI

γIµI

)
(∆nrt −∆zsart ) +

(
1− γIµI

) (
nrt−1 − lrt−1 − zsart−1

)]
(A17)

which is equation (12) in the main text.

B.3 Foreign share of local adjustment: Derivation of (19)

To compute the average share of of foreign inflows in the population response, I take the
ratio of (i) the average foreign response (17) to ∆ñrt and (ii) the overall response (18) to
∆ñrt. This yields:

∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

≈
γF µ̄F

γIµI
βc + Cov(µFrt,∆ñrt)

V ar(∆ñrt)[
1 + (1− βc) γF µ̄F

γIµI

]
βc + (1− βc) Cov(µFrt,∆ñrt)

V ar(∆ñrt)

(A18)

=
γF µ̄F

γIµI

[
βc + (1− βc) Cov(µFrt,∆ñrt)

V ar(∆ñrt)

]
+
[
1− γF µ̄F

γIµI
(1− βc)

] Cov(µFrt,∆ñrt)
V ar(∆ñrt)[

1 + (1− βc) γF µ̄F

γIµI

]
βc + (1− βc) Cov(µFrt,∆ñrt)

V ar(∆ñrt)

For low levels of immigration (i.e. µ̄F close to zero), this can be approximated as:

∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

≈ γF µ̄F

γIµI
+

Cov
(
µFrt,∆ñrt

)
(1− βc)Cov (µFrt,∆ñrt) + βcV ar (∆ñrt)

(A19)

which is equation (19) in the main text.
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B.4 Counterfactual foreign contribution to population adjust-
ment: Derivation of (20)

The counterfactual foreign contribution to local population adjustment is given by the
relative difference between (i) the average population response and (ii) the counterfactual
response (in the absence of foreign inflows). The counterfactual response is simply βc,
based on (15). Using (18), the counterfactual foreign contribution is therefore:

∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt − βc
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

=

{
(1− βc)

[
βc γ

F µ̄F

γIµI
+ Cov(µFrt,∆ñrt)

V ar(∆ñrt)

]
+ βc

}
− βc

(1− βc)
[
βc1

γF µ̄F

γIµI
+ Cov(µFrt,∆ñrt)

V ar(∆ñrt)

]
+ βc

= (1− βc)
∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

(A20)

where ∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

is the foreign share of local population adjustment, as given by
(A19).

B.5 Foreign share in terms of the persistence of local shocks:
Derivation of (35)

Using the four-equation system in Section 7.4, I now show how the foreign share of local
population adjustment (i.e. (19)) can be expressed as equation (35). Notice that (19)
depends on Cov(µFrt,∆ñrt)

V ar(∆ñrt) , the linear projection of foreign intensity µFrt on the composite
employment shock ∆ñrt. The key challenge is to show that this linear projection can be
written in terms of the persistence of the composite employment shock, ∆ñrt.

To this end, I begin by substituting the foreign response (16) for λFrt−1 in the equation
for foreign intensity (33). I can then write the evolution of µFrt as:

µFrt = µFrt−1 + θ
γFµFrt−1
γIµI

[
βc1
(
∆nrt−1 −∆zsart−1

)
+ βc2

(
nrt−2 − lrt−2 − zsart−2

)]
(A21)

where the expression in square brackets is the lagged composite employment shock,
∆ñrt−1, as defined by (13):

µFrt = µFrt−1

(
1 + θ

γF

γIµI
βc1∆ñrt−1

)
(A22)

Given its unit root, employment shocks have a permanent effect on µFrt. Simulating
backward:

µFrt = µ̄F
∞∏
i=1

(
1 + θ

γF

γIµI
βc1∆ñrt−i

)
(A23)
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and taking a linear approximation for small employment shocks ∆ñrt:

µFrt ≈ µ̄F
[
1 + θ

γF

γIµI
βc1
(
L+ L2 + ...

)
∆ñrt

]
(A24)

where L is the lag operator, and µ̄F is the mean foreign intensity. A linear projection of
foreign intensity µFrt on the current composite employment shock ∆ñrt then gives:

Cov
(
µFrt,∆ñrt

)
V ar (∆ñrt)

≈ θ
γF µ̄F

γIµI
βc1
∑
i>0

Cov (∆ñrt,∆ñrt−i)
V ar (∆ñrt)

(A25)

where ∑i>0
Cov(∆ñrt,∆ñrt−i)

V ar(∆ñrt) is the infinite sum of ∆ñrt autocorrelations. Plugging (A25)
into (19), the mean foreign share of the response to ∆ñrt can then be approximated as:

∂E[λFrt|∆ñrt,∆z̃sart ]/∂∆ñrt
∂E[∆lrt|∆ñrt,∆z̃sart ]/∂∆ñrt

≈ γF µ̄F

γIµI
+

1− βc1 +
[
θ
γF µ̄F

γIµI
∑
i>0

Cov (∆ñrt,∆ñrt−i)
V ar (∆ñrt)

]−1

−1

(A26)
which is equation (35) in the main text.

B.6 Sum of autocorrelations for Table 10

In Table 10, I impute the infinite sum of autocorrelations of the composite employment
shocks ∆ñrt, based on the estimates of AR(1) and AR(2). In this appendix, I show how
this is done.

Consider first an AR(1) process:

∆ñrt = ψ∆ñrt−1 + urt (A27)

where the error urt is i.i.d. The ith autocorrelation is simply ψi, so the sum of autocor-
relations is: ∑

i>0

Cov (∆ñrt,∆ñrt−i)
V ar (∆ñrt)

= ψ

1− ψ (A28)

Now consider an AR(2) process:

∆ñrt = ψ1∆ñrt−1 + ψ2∆ñrt−2 + urt (A29)

Let m−1
1 and m−1

2 be the two roots of the associated characteristic equation, 1 − ψ1L −
ψ2L

2 = 0. Stationarity is ensured by the condition: |mk| < 1 for k = 1, 2, where the mk

are inverses of the roots. Fuller (1996, p. 56) shows that the ith autocorrelation is given
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by:
Cov (∆ñrt,∆ñrt−i)

V ar (∆ñrt)
= (1−m2

2)mi+1
1 − (1−m2

1)mi+1
2

(m1 −m2) (1 +m1m2) (A30)

so the sum of autocorrelations is:

∑
i>0

Cov (∆ñrt,∆ñrt−i)
V ar (∆ñrt)

= (1−m2
2)m2

1 (1−m1)−1 − (1−m2
1)m2

2 (1−m2)−1

(m1 −m2) (1 +m1m2) (A31)

C Data manipulation

C.1 Population

I take local population counts of individuals aged 16-64 from published county-level census
statistics (based on 100% samples), extracted from the National Historical Geographic
Information System (NHGIS: Manson et al., 2017). See Table A1 of the Online Appendix
of Amior and Manning (2018) for table references. Commuting Zones (CZs) are composed
of groups of counties, in line with Tolbert and Sizer (1996). I make one modification to
the Tolbert-Sizer scheme to facilitate construction of consistent geographies over time: I
move La Paz County (AZ) to the same CZ as Yuma County (AZ). These counties only
separated in 1983, but Tolbert and Sizer’s 1990 scheme allocates them to different CZs.

I disaggregate the total population of 16-64s into native and foreign-born components
using local shares computed from the Integrated Public Use Microdata Series (IPUMS:
Ruggles et al., 2017) samples. I use this procedure to compute local counts for other
demographic cells also: specifically, recent foreign-born arrivals (in the US for 10 years
or less), longer term migrants, and these in turn (together with the native-born) dis-
aggregated by education. In practice, the sub-state geographical identifiers included in
the IPUMS microdata do not coincide with CZ boundaries, and these identifiers vary by
census year.26 Similarly to Autor and Dorn (2013) and Autor, Dorn and Hanson (2013),
I estimate population counts at the intersection of the available geographical identifiers
and CZs27, and I impute CZ-level data using these counts as weights.

26The 1950 census extract (which I require for the lagged instruments) divides the continental US into
467 State Economic Areas, the 1960 extract uses 2,287 “Mini” Public Use Microdata Areas (PUMAs),
the 1970 extracts (the forms 1 and 2 metro samples) use 405 county groups, 1980 uses 1,148 county
groups, 1990 uses 1,713 PUMAs, and the 2000 census extract and American Community Survey (until
2011) use 2,057 PUMAs.

27Following Amior and Manning (2018), I use county-SEA lookup tables from IPUMS
(https://usa.ipums.org/usa/resources/volii/ sea_county_components.xls) for 1950 (which
I require for the lagged instruments); and I use county group lookup tables from
IPUMS for 1970 and 1980 (https://usa.ipums.org/usa/resources/volii/1970cgcc.xls and
https://usa.ipums.org/usa/resources/volii/cg98stat.xls). For 1960, I rely on a preliminary lookup
table linking Mini PUMAs to counties (with population counts at the intersections), kindly
shared by Joe Grover at IPUMS. And for the 1990 and 2000 PUMAs, I generate popu-
lation counts using the MABLE/Geocorr applications at the Missouri Census Data Center:
http://mcdc.missouri.edu/websas/geocorr_index.shtml.
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I use the following IPUMS samples for this exercise: the American Community Sur-
veys (ACS) of 2009, 2010 and 2011 (pooled together) for the 2010 cross-section; the 5 per
cent census extracts for 2000, 1990, 1980 and 1960; and the (pooled) forms 1 and 2 metro
samples of 1970 (each of which are 1 per cent extracts). Regarding 1970, information on
years in the US is only available in the form 1 sample.

C.2 Employment

In this section, I describe in greater detail how I construct composition-adjusted local
employment rates. I begin by running probit regressions of individual employment on
detailed demographic characteristics (see below) and area fixed effects, separately for each
census cross-section (1960, 1970, 1980, 1990 and 2000) and the pooled ACS cross-sections
of 2009-11. For the fixed effects, I use the finest indicators for local geographies available
in each census year (see Section C.1). These are demanding specifications: to reduce the
number of fixed effects in the probit regressions as much as possible, I aggregate together
geographical units which are subsumed within the same CZs.

I then compute composition-adjusted employment rates, EmpRateAdjrt, by taking
the mean predicted employment rate in each area r for a distribution of local demo-
graphics identical to the full national sample:

EmpRateAdjrt =
∫
i
Ω
(
Xitθ̂t + θ̂rt

)
gt (Xit) di (A32)

where Ω is the normal c.d.f., θ̂t is the vector of estimated probit coefficients on the
individual characteristics, θ̂rt are the probit area fixed effects, and gt (Xit) is the national-
level density of individuals with characteristics Xit. I then impute composition-adjusted
employment rates at the CZ level by taking weighted averages (across the available geo-
graphical units), using the population weights described in Section C.1.

The individual controls in the probit regressions consist of: age and age squared;
four education indicators28, each interacted with age and age squared; a gender dummy,
interacted with all previously-mentioned variables; black/Asian/Hispanic indicators, in-
teracted with all previously-mentioned variables; and a foreign-born indicator, interacted
with all previously-mentioned variables. And finally, to the extent that it is possible in
each cross-section, I control for years in the US (among the foreign-born), again interacted
with all previously-mentioned variables. This information is not consistently reported in
each cross-section, so the variables I use vary by year:

ACS 2009-11: Years in US, years in US squared.
Census 2000: Years in US, years in US squared.

28High school graduate (12 years of education), some college education (1 to 3 years of college),
undergraduate degree (4 years of college) and postgraduate degree (more than 4 years of college). High
school dropouts (less than 12 years of education) are the omitted category.
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Census 1990: The census only reports years in US as a categorical variable. I
take the mid-point of each category (and its square), and I also include a dummy for
top-category cases.

Census 1980: Same as 1990. Except those who were citizens at birth do not report
years in US: I code all these cases with a dummy variable.

Census 1970: Same as 1980. Except some respondents do not report years in US:
I code all these non-response cases with a dummy variable. I also include an additional
binary indicator for migrants who report living abroad five years previously (based on a
different census question), which is available for the full sample.

Census 1960: No information on years in US is available.
All these variables (relating to years in US) are interacted with all previously-mentioned

variables in the probit specification. For the 1970 specification, I exclude foreign-born
individuals in the form 2 sample, since these do not report years in the US.

C.3 Shift-share variables

The sample for the Bartik industry shift-shares is based on employed individuals aged
16-64 in the IPUMS census extracts and ACS samples. I identify industries using the
IPUMS consistent classification based on the 1950 census scheme29, aggregated to the
2-digit level30 (with 57 codes). As with the population counts (see above), I impute
CZ-level employment counts (by industry) by weighting data from the corresponding
sub-state geographical identifiers.

Similarly, in the construction of the enclave shift-share µFrt, I impute CZ-level migrant
population counts (across 77 origin countries) by weighting across these same identifiers.
A key input to µFrt is the number of new migrants (by origin o) arriving in the US in the
previous ten years (and residing outside area r): i.e. LFo(−r)t in equation (26) in Section
3.4. This information is available in all census years from 1970 inclusive, thus covering
foreign inflows from the 1960s onward. However, for columns 5-7 of Table 5, I require
values of µFrt for 1960 (covering the 1950s inflow). For that decade, I impute foreign
inflows using cohort changes: I compute the difference between (i) the stock of migrants
of origin o in 1960 (outside area r) and (ii) the stock of migrants of origin o in 1950 aged
6-54 (again, outside r).

C.4 Data for Figure 1

This section describes the data I use to put together Figure 1. The estimates are mostly
based on the March waves of the IPUMS Current Population Survey (Flood et al., 2018).

29See https://usa.ipums.org/usa/volii/occ_ind.shtml.
30I further aggregate all wholesale sectors to a single category to address inconsistencies between census

extracts, and similarly for public administration and finance/insurance/real estate. I also omit the “Not
specified manufacturing industries” code.
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The sample consists of individuals aged 16 to 64 between 1964 and 2018. Following the
recommendation of Kaplan and Schulhofer-Wohl (2012), I also exclude observations with
imputed migration status: there are inconsistencies in the CPS’s imputation procedure.

Panel A describes trends in annual gross migratory flows to US states. The “internal”
flow is the share of individuals living in a different state (within the US) 12 months
previously. The “foreign” flow is the share of individuals who are (i) foreign-born and
(ii) living abroad 12 months previously. Panel B reports the share of total gross flows
to US states (i.e. all individuals living outside their current state 12 months previously)
which are due to foreign-born individuals coming from abroad: i.e. the ratio of “foreign”
to total inflows.

Migration status is not reported in certain years of the March CPS (specifically 1972-
5, 1977-80, 1985 and 1995), and I interpolate linearly in these cases. This is sufficient to
produce my internal flow series in Panel A.

However, the foreign inflow presents greater challenges. Unfortunately, country of
birth is not reported before 1994 - so I cannot distinguish between native and foreign-
born status in these years. An alternative data source is the US census, but it only
provides information on place of residence 5 years (and not 12 months) previously. My
strategy is to impute the annual foreign inflow using the 5-year foreign inflow (i.e. the
share of individuals who are foreign-born and living abroad 5 years previously), estimated
at decadal intervals in the census. I proceed with the following steps. (i) I compute the
mean annual foreign inflow in the CPS over 1996-2000, and I also compute the 5-year
foreign inflow in the 2000 census. (ii) I compute the ratio of these: the latter is 5.3
times the former.31 (iii) I then impute the annual foreign inflow in 1988 (the mid-point
of 1986-1990) by dividing the 5-year inflow in the 1990 census by 5.3. And in the same
way, I impute the 1978 annual foreign inflow using the 1980 census, and the 1968 foreign
inflow using the 1970 census. (iv) Finally, I linearly interpolate all missing observations,
and I assume the foreign inflow over 1964-7 is the same as 1968.

D Supplementary OLS, reduced form and first stage
estimates

In this section, I present OLS, reduced form and first stage estimates corresponding to
various tables in the main text.

31Theoretically, one would expect this ratio to be less than 5, to the extent that previous immigrants
return home. But in practice, differences in sampling procedures (and response rates) are likely to play
a role also. The advantage of my imputation method is that it accounts for any such (time-invariant)
differences between CPS and census sampling.
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Table A1 reports OLS and reduced form estimates for the average population re-
sponses (corresponding to Table 2 in the main text). Table A2 repeats this exercise for the
counterfactual estimates (corresponding to Table 5), and Table A3 for the heterogeneous-
response estimates (corresponding to Table 7).

Table A4 offers first stage estimates for the education-specific average responses (cor-
responding to the IV estimates in Table 3). And Table A5 reports first stage estimates
for the education-specific counterfactual specifications (i.e. columns 4-5 of Table 5).

E Robustness of Tables 2 and 7

E.1 Robustness to specification

In Tables A6, A7 and A8, I study the robustness of my IV population adjustment esti-
mates. Columns 1-4 focus on the average population responses (corresponding to Table
2 in the main text) and columns 5-8 on heterogeneity in these responses by the enclave
shift-share µFrt (corresponding to Table 7).

Table A6 focuses on the robustness to specification choices. For reference, Panel A
reproduces the estimates from the main text: i.e. columns 2-5 of Table 2 and columns
2-5 of Table 7.

In Panel B, in an effort to account for unobserved time-invariant components of sup-
ply/amenity effects in equation (29), I control for CZ fixed effects - which effectively
partial out CZ-specific linear trends in population. The aggregate population response
is larger, at least to the lagged employment rate (column 1); but the average foreign re-
sponse is almost entirely eliminated (column 2). This is to be expected: the fixed effects
pick up much of the same variation as the enclave shift-share µFrt (which is locally very
persistent); and Table 8 in the main text shows that controlling for µFrt also eliminates
much of the foreign response. Having said that, the heterogeneous effects in columns 5-8
are not substantially affected: there remains a large foreign response in high-µFrt areas,
which (more than) fully crowds out the internal response. It should be emphasized that
this is a very demanding specification, given the short panel length (just five periods)
and the four endogenous variables.

In Panel C of Table A6, I omit the lagged employment rate and its associated (lagged
Bartik) instrument - together with their interactions with the enclave shift-share in
columns 5-8. As one would expect (given serial correlation in the Bartik instrument), the
response to the contemporaneous employment change (column 1) is now larger. The dif-
ference is substantial: compared to Panel A, the gap between the aggregate βa1 coefficient
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(on the change in current employment) and 1 (i.e. full adjustment) is halved. But the
foreign component (column 2) is proportionately similar. And in columns 5-8, the foreign
response continues to fully crowd out the internal response to employment shocks.

Finally, Panel D uses raw instead of composition-adjusted employment variables, for
both the contemporaneous change and the lagged rate. The aggregate population re-
sponse in column 1 is now somewhat smaller. This result is intuitive. The local popula-
tion of better educated workers is known to respond more strongly (see e.g. Amior and
Manning, 2018), and these individuals also have higher employment rates. As a result,
the change in raw employment (on the right hand side) overstates the true change in
employment for an individual of fixed characteristics; and the population response to this
change must therefore be smaller. Still, the foreign response in column 2 is proportion-
ately similar; and columns 5-8 show a similar crowding out effect. This result should be
reassuring: since adjusting local employment for observable demographic characteristics
makes little difference to the results, one may be less concerned about the influence of
unobservables.

E.2 Robustness to amenity controls

In Table A7, I study the robustness of my estimates to the right hand side controls. In
Panel A, I control only for the full set of year effects - and exclude all amenity controls.
The aggregate population response (column 1) is similar to the main text, and the foreign
component (column 2) is proportionately larger - especially in response to the lagged
employment rate, where it actually exceeds the aggregate response. The coefficients
on the interaction terms in columns 5-8 continue to point to perfect crowd-out of the
employment responses, though the standard errors are now very large: the interactions
effects are statistically insignificant.

The same is true of Panel B, where I control for the basic amenity effects - but
omit the interactions between the amenity effects and the enclave shift-share, µFrt. The
interactions with the employment effects in columns 5-8 are larger in magnitude (again
consistent with perfect crowd-out), and the standard errors are smaller - but the effects
remain insignificant at the 5% level. However, it should be emphasized that the omission
of the amenity-µFrt controls is a misspecification: see equation (29) in the main text.

E.3 Robustness to sample and weights

In Table A8, I vary the sample and weighting. Until now, I have studied local heterogene-
ity along the enclave shift-share, µFrt: this follows the first order approximation imposed
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in equation (12) in the model. But as I note in the main text, the µFrt distribution is heav-
ily skewed: the 98th percentile is 0.1, and the maximum is 0.29. In Panel A, I consider
the implications of omitting observations with µFrt exceeding 0.1. As one would expect,
the average foreign component in column 2 is somewhat smaller - at least in response
to the lagged employment rate. But the heterogeneous effects in columns 5-8 are simi-
lar: we continue to see perfect crowd-out. This suggests the results are not driven by a
small number of outlying observations of µFrt, and the linear approximation may not be
so unreasonable.

All the estimates in the main text are weighted by lagged population share. In Panel
B of Table A8, I study unweighted estimates. This places more emphasis on smaller CZs
which typically admit fewer immigrants. Unsurprisingly, the average foreign component is
now substantially lower. Column 6 shows the foreign response is increasing with µFrt, but
the effect is smaller than before. However, there is now no crowd-out of the employment
response in column 7. It turns out this result is driven by some small towns close to
the Mexican border with unusually large migrant enclaves (which contribute little to
the weighted estimates). Once I exclude CZs with 1960 population (of 16-64s) below
25,000 (which account for 2% of the national population), column 7 now shows evidence
of crowd-out (though with very large standard errors). And the crowding out effect
becomes effectively one-for-one (and much more precise) once I exclude CZs with 1960
population below 50,000. This exclusion removes the majority of CZs (387 out of 722),
but these account for just 7% of the national population.

E.4 Isolating the mobility response of foreign-born residents

Columns 4-5 of Table 2 show that the total residual contribution, λIrt, to local adjustment
is very similar to that of natives alone, λI,N

rt

. This indicates that “old” migrants (those
living in the US since at least t − 1) contribute little to adjustment. However, one may
be concerned that this does not reflect their mobility response (whether internally or
through emigration), but rather generational shifts between foreign-born residents and
their native children. I now address this by studying within-cohort changes in population
stocks.

In line with equations (22)-(24), I approximate the overall contribution of old migrants
as:

λI,OMrt ≡ log

(
Lrt−1 + LMrt − LMrt−1 − LFrt

Lrt−1

)
(A33)

where LMrt is the population of all migrants (i.e. foreign-born individuals) aged 16-64 living
in area r and period t; and LFrt is the foreign inflow, i.e. the stock of “new” immigrants
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in t (who arrived in the US in the previous ten years). I also define the within-cohort
contribution of old migrants as:

λI,OM,cohort
rt ≡ log

(
Lrt−1 + LMrt − L

M,5−54
rt−1 − LFrt

Lrt−1

)
(A34)

where LM,5−54
rt−1 is the stock of migrants in t− 1 aged 5-54. This latter variable keeps the

cohort of migrants fixed, so changes in the area r stock can only be driven by internal
mobility or emigration.

In Table A9, I re-estimate the IV regressions in Panels A and B of Table 2, but
alternately replacing the dependent variable with the overall contribution of old migrants
λI,OMrt and the within-cohort contribution λI,OM,cohort

rt . The results look very similar in
each case: the response to employment shocks is small and statistically insignificant. This
confirms that old migrants do not contribute significantly to local population adjustment,
whether through internal migration or emigration.

E.5 Breakdown of foreign response by region of origin

One may be interested in whether the large foreign share of population adjustment is
driven by migrants of particular origins. I address this question in Table A10. Column 1
reports the average IV foreign response (among all origins groups) - which is identical to
column 3 of Table 2 in the main text, based on the empirical specification (27). And in the
remaining columns, I replace the dependent variable with the (approximate) contribution
from various origin groups: specifically λFort ≡ log

(
Lrt−1+LFort
Lrt−1

)
, where LFort is the stock of

new migrants of origin o in area r at time t, who arrived in the US in the previous ten
years.

All the origin groups contribute significantly to the overall foreign response, and none
are particularly dominant.

F Reconciliation with Cadena and Kovak (2016)

F.1 Summary

In important work, Cadena and Kovak (2016) study the contribution of (specifically Mex-
ican) immigrants to local labor market adjustment; and like me, they exploit variation in
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historical settlement patterns. But, their results diverge from mine in three ways. (i) Ca-
dena and Kovak find that low educated natives contribute negligibly to local adjustment
- in contrast to Mexican-born workers. (ii) They find that Mexicans respond heavily even
after arriving in the US - while in my paper, the immigrant response is entirely driven
by new arrivals. (iii) They find that Mexicans substantially smooth local fluctuations in
employment rates (more than halving the effect of local demand shocks), which appears
to imply little crowd-out. Based on the intuition from my model, notice that the final
claim follows theoretically from the first: migrants will only “grease the wheels” if the
wheels are not already greased, i.e. if natives themselves contribute little to adjustment.

There are some differences in empirical setting. While Cadena and Kovak focus on
the contribution of Mexican-born immigrants to local adjustment between 2006 and 2010
(during the Great Recession) across 94 Metropolitan Statistical Areas (MSAs)32, I study
the contribution of all immigrants across 722 CZs over a longer period (1960-2010).

But, I argue here that differences in empirical specification alone can account for
the divergent results: once I account for dynamics, I find that the low educated native
population does respond strongly to local shocks. Monras (2015) has also revisited the
results of Cadena and Kovak: he attributes the weak native response to unobserved
divergent trends in local native and Mexican populations. But I find that controlling
for the initial employment rate, as my model requires, is sufficient to generate a much
larger native response. The effect of dynamics is intuitive: as Cadena and Kovak note,
those cities which suffered larger downturns during their Great Recession sample had
enjoyed larger upturns earlier in the decade; and if adjustment is sluggish, local population
movements over 2006-10 will reflect responses to both. The data reject the hypothesis
that these dynamics are unimportant, just as in my 50-year dataset.

F.2 Empirical model

Cadena and Kovak base their main analysis on the following specification:

∆lgr = ω0g + ω1gIndShockgr +XrωXg + εgr (A35)

See equation (1) of their paper, though I have altered notation to match my own. The
equation is estimated separately for nativity groups g: natives, Mexican migrants and
non-Mexican migrants. The dependent variable ∆lgr is the 2006-10 change in log local
population in a given nativity group, and IndShockgr is the contemporaneous within-
industry employment shock experienced by that group. This is the weighted average of

32They restrict attention to MSAs with adult population exceeding 100,000, Mexican-born sample
exceeding 60, and non-zero samples for all other studied demographic groups.
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industry-specific employment changes:

IndShockgr ≡
∑
i

φigr∆nir (A36)

where the weights φigr are initial group-specific shares of local workers employed in in-
dustry i. I focus specifically on their Table 4: there, Cadena and Kovak instrument
IndShockgrt using a contemporaneous Bartik industry shift-share (common to all nativ-
ity groups), akin to that described in equation (25) in the main text. The coefficient
ω1g is interpreted as the group-specific elasticity of population to a local group-specific
demand shock. Two right-hand side controls are included in the vector Xr: the Mexican
population share in 2000 and indicators for MSAs in states that enacted anti-migrant
employment legislation. Like Cadena and Kovak, I weight all estimates using inverse
sample variances.

Notice the conceptual framework here is different to mine. My approach, motivated
by my model, is to study the overall population response to an aggregate-level shock,
and I disaggregate this response into the contributions from various groups (new mi-
grants, natives, old migrants). In contrast, equation (A35) estimates the elasticity of
group-specific population stocks to group-specific employment shocks. Cadena and Ko-
vak estimate that ω1g is statistically insignificant for low educated natives, but large and
positive for equivalently educated Mexican-born individuals. Given this, they argue that
the aggregate low educated population will respond more strongly to a given employment
shock in cities with larger Mexican enclaves; and therefore, these cities will suffer weaker
fluctuations in local employment rates.

Beyond this, there are two further differences in the empirical specification. First,
(A35) studies the response to a within-industry employment shock IndShockgr, rather
than a change in overall employment ∆ngr which accounts additionally for between-
industry shifts. And most importantly, (A35) does not account for local dynamics.

F.3 Estimates

I explore the implications of the employment shock definition and dynamics in Table
A11, relying on data and programs published alongside Cadena and Kovak’s article. I
restrict attention to non-college workers (and specifically men) - who account for Cadena
and Kovak’s headline results. Columns 1-4 of Panel A in Table A11 replicate Panel A
of Table 4 in their paper. The response of non-college natives to local demand shocks
(instrumented by a Bartik shift-share) is negligible, while the Mexican-born population
responds heavily (with a one-for-one effect). The response of non-Mexican migrants is
large and negative, offsetting much of the Mexican response. The overall population
response (column 1) is positive but statistically insignificant.
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In Panel B, I replace the within-industry employment shock IndShockgr with a simple
change in (group-specific) log employment ∆ngr - though I continue to use the same
Bartik instrument. The estimates are mostly unchanged, except we now see a large
positive response from non-Mexican migrants.

In Panel C, I control additionally for the initial group-specific employment rate (i.e.
in 2006), which I instrument using a Bartik industry shift-share for 2000-6.33 The spec-
ification now has the form of an error correction model (ECM), regressing the change
in (group-specific) log population on the change in (group-specific) log employment and
the initial (group-specific) log employment rate. Since column 1 is based on the full
population, it is essentially identical to my ECM specification in equation (27). But as
I have already described, the group-specific responses (in the remaining columns) are
not comparable: these represent group-specific elasticities, rather than contributions to
aggregate adjustment.

Notice first that the effect of the initial employment rate is large (the elasticity of
the overall population is 0.68) and statistically significant: that is, the data reject the
hypothesis that the dynamics are unimportant. Also, the responses of the overall popu-
lation (column 1) and natives (column 2) to the contemporaneous employment shock are
now substantially larger, with elasticities of 0.65 and 0.87 respectively. (That the native
response is larger than the aggregate is unexpected, but the standard errors are too large
to conclude anything from this.) The impact of controlling for dynamics is intuitive. As
Cadena and Kovak note, those MSAs that suffered larger downturns over 2006-10 had
enjoyed larger upturns earlier in the decade. And therefore, the small native response in
the first row of Table A11 may reflect a mixture between a (somewhat sluggish) response
to a historic upturn and a contemporaneous downturn.

The fit in columns 1 and 2 of Panel C appears remarkably good, given the small
sample of 94 MSAs - though this comes with the caveat of weak instruments. I report
the associated first stage estimates in Panels D and E, for the employment change and
initial employment rate respectively. In columns 1 and 2, each instrument has a strong
positive effect (with a small standard error) on its corresponding endogenous variable
- and no positive effect on the other. However, the Sanderson-Windmeijer (2016) F-
statistics (which account for multiple endogenous variables) are small: between 5 and 6
in each case. Identification is especially weak in columns 3 and 4 (Mexicans and other
migrants respectively), with F-statistics below 1; and furthermore, the instruments have
counterintuitive effects in these two columns. This highlights the importance of pooling
multiple decades of data, as I do in my own paper.

33Cadena and Kovak construct this lagged Bartik for some robustness exercises in their own paper, so
I take it from their dataset.
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To summarize, once I account for dynamics, I estimate large native responses to local
shocks - though weak instruments may be a problem. On the other hand, I do not have
sufficient power to successfully identify the migrant elasticities (using the dynamic model)
in this data.
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Tables and figures

Table 1: First stage for average population responses

∆ log emp Lagged log
emp rate

(1) (2)

Current Bartik, brt 0.823*** -0.135*
(0.130) (0.072)

Lagged Bartik, brt−1 0.102 0.369***
(0.068) (0.061)

SW F-stat 51.65 37.67
Amenity×yr controls Yes Yes
Observations 3,610 3,610

These are first stage estimates for IV specifica-
tions of Table 2. The Sanderson-Windmeijer (2016)
F-statistics account for multiple endogenous vari-
ables. All specifications control for year effects and
the amenity variables (interacted with year effects)
described in Section 3.5. Robust standard errors,
clustered by state, are in parentheses. Observations
are weighted by lagged local population share. ***
p<0.01, ** p<0.05, * p<0.1.

Table 2: Average population responses

Population responses Log emp rate responses
Aggregate Aggregate Foreign Residual All indiv Native Migrant
response response component component

∆lrt ∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7) (8)

∆ log emp 0.857*** 0.748*** 0.237** 0.527*** 0.571*** 0.252*** 0.251*** 0.167*
(0.013) (0.043) (0.093) (0.090) (0.054) (0.043) (0.045) (0.098)

Lagged log emp rate 0.246*** 0.551*** 0.313*** 0.270* 0.258** -0.551*** -0.560*** -0.609***
(0.020) (0.097) (0.119) (0.150) (0.110) (0.097) (0.099) (0.216)

Specification OLS IV IV IV IV IV IV IV
Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,610 3,599

This table reports OLS and IV estimates of β1 and β2 in (27), across 722 CZs and five (decadal) time periods, for the aggregate change
in log population, its (approximate) components, and changes in residualized log employment rates. Robust standard errors, clustered by
state, are in parentheses. Observations are weighted by lagged local population share. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3: Average IV population responses by education

College graduates Non-graduates
Aggregate Foreign Aggregate Foreign
response component response component

∆lrt λFrt ∆lrt λFrt
(1) (2) (3) (4)

∆ log emp 0.974*** 0.585** 0.663*** 0.217**
(0.096) (0.261) (0.051) (0.096)

Lagged log ER 2.819 3.864 0.475*** 0.322***
(1.803) (2.720) (0.092) (0.098)

Amenity×yr controls Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610

This table reports education-specific IV estimates of (27), using education-specific
population changes, employment changes, lagged employment rates and Bartik
instruments. See Appendix Table A4 for first stage estimates. Robust standard
errors, clustered by state, are in parentheses. Observations are weighted by lagged
local population share. *** p<0.01, ** p<0.05, * p<0.1.

Table 4: First stage for counterfactual population response

Foreign inflow: λFrt ∆ log emp Lagged log emp rate
(1) (2) (3) (4) (5) (6)

Current Bartik, brt 0.092*** 0.078*** 0.839*** 0.835*** -0.134* -0.156**
(0.025) (0.026) (0.124) (0.123) (0.069) (0.067)

Lagged Bartik, brt−1 0.063*** 0.064*** 0.122* 0.122* 0.371*** 0.373***
(0.019) (0.019) (0.068) (0.068) (0.063) (0.062)

Current enclave, µFrt 0.919*** 1.229*** -0.233** -0.162 -0.022 0.475***
(0.084) (0.119) (0.113) (0.171) (0.122) (0.175)

Lagged enclave, µFrt−1 -0.399*** -0.091 -0.640***
(0.056) (0.160) (0.139)

SW F-test: 3 endog vars 93.68 50.69 84.09 97.40 56.93 66.49
SW F-test: 2 endog vars 117.72 53.90
Amenity×yr controls Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610

This table reports first stage estimates corresponding to the counterfactual specifications in Table 5. I report
Sanderson-Windmeijer F-statistics which account for the three endogenous variables: the foreign inflow λFrt,
the contemporaneous log employment change, and the lagged log employment rate. Robust standard errors,
clustered by state, are in parentheses. Observations are weighted by lagged local population share. ***
p<0.01, ** p<0.05, * p<0.1.

56



Table 5: IV counterfactual population responses

Average response Counterfactual response Log emp rate responses
(from Table 2) Aggregate variables Edu-specific variables All indiv Native Migrant

∆lrt ∆lrt ∆lrt Grad ∆lrt Non-grad ∆lrt
(1) (2) (3) (4) (5) (6) (7) (8)

∆ log emp 0.748*** 0.720*** 0.721*** 0.864*** 0.640*** 0.280*** 0.284*** 0.211**
(0.043) (0.040) (0.037) (0.082) (0.047) (0.040) (0.041) (0.091)

Lagged log ER 0.551*** 0.515*** 0.516*** 2.090* 0.442*** -0.515*** -0.516*** -0.550**
(0.097) (0.098) (0.101) (1.149) (0.093) (0.098) (0.100) (0.226)

Foreign contrib: λFrt 0.115* 0.111 0.189* 0.102 -0.115* -0.140** -0.185***
(0.062) (0.079) (0.108) (0.073) (0.062) (0.064) (0.064)

Lagged enclave, µFrt−1 0.006
(0.065)

Instruments - - µFrt, brt, µFrt, brt, µFrt, brt, µFrt, brt, µFrt, brt, µFrt, brt,
brt−1 brt−1 brt−1 brt−1 brt−1 brt−1

Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,610 3,599

Columns 1 reproduces the basic IV average response estimates from Table 2 (column 2); and the remaining columns report variants of the counter-
factual equation (28). There are three endogenous variables: the foreign contribution to population growth, λFrt, the log employment change, and
the lagged log employment rate. The corresponding instruments are the enclave shift-share µFrt and the current and lagged Bartiks. Columns 4-5
use education-specific variables, as described in the text. Columns 6-8 replace the dependent variable with changes in residualized log employment
rates. Robust standard errors, clustered by state, are in parentheses. Observations are weighted by lagged local population share. *** p<0.01, **
p<0.05, * p<0.1.

Table 6: First stage for heterogeneous-response specification

∆ log emp ∆ log emp Lagged Lagged log
* λFrt log ER ER * λFrt

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

Current Bartik 0.993*** -0.007 -0.175*** 0.004
(0.123) (0.006) (0.065) (0.003)

Current Bartik * µFrt -4.543 1.302*** 1.440 -0.556***
(3.110) (0.173) (1.025) (0.074)

Lagged Bartik 0.095* 0.012*** 0.337*** -0.004**
(0.056) (0.002) (0.061) (0.002)

Lagged Bartik * µFrt 0.928 -0.245** -0.434 0.446***
(2.038) (0.106) (1.416) (0.095)

µFrt -2.429 -0.216* -0.691 -0.900***
(2.012) (0.111) (1.815) (0.167)

SW F-stat 72.13 25.74 30.61 15.37
Amenity×yr controls Yes Yes Yes Yes
Amenity×µFrt controls Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610

These first stage estimates correspond to the IV specifications in Table 7. The
Sanderson-Windmeijer (2016) F-statistics account for multiple endogenous vari-
ables. All specifications control for year effects, the amenity variables of Section
3.5 interacted with year effects, and interactions between the amenity variables
and the enclave shift-share. Robust standard errors, clustered by state, are in
parentheses. Observations are weighted by lagged local population share. ***
p<0.01, ** p<0.05, * p<0.1.
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Table 7: Estimates of heterogeneous-response specification

Population responses Log emp rate responses
Aggregate Aggregate Foreign Residual All indiv Native Migrant
response response component component

∆lrt ∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7) (8)

∆ log emp 0.852*** 0.791*** -0.006 0.809*** 0.825*** 0.209*** 0.200*** 0.193**
(0.015) (0.036) (0.028) (0.046) (0.043) (0.036) (0.038) (0.089)

∆ log emp * µFrt 0.169 -0.689 4.908*** -5.326*** -8.410*** 0.689 1.159 -1.551
(0.247) (0.804) (1.180) (1.127) (1.325) (0.804) (0.773) (1.502)

Lagged log ER 0.224*** 0.560*** 0.007 0.595*** 0.579*** -0.560*** -0.577*** -0.577**
(0.019) (0.114) (0.055) (0.131) (0.126) (0.114) (0.119) (0.253)

Lagged log ER * µFrt 1.842*** 1.693 7.407*** -6.551*** -11.857*** -1.693 -1.168 -2.405
(0.653) (1.938) (2.203) (2.482) (3.542) (1.938) (1.772) (4.192)

µFrt 0.138** -0.039 1.016*** -1.038*** -0.593*** 0.039 0.032 -0.093
(0.068) (0.143) (0.123) (0.191) (0.174) (0.143) (0.138) (0.257)

Specification OLS IV IV IV IV IV IV IV
Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes Yes
Amenity×µFrt controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,610 3,599

This table reports OLS and IV estimates of equation (30), across 722 CZs and five (decadal) time periods. As in Table 2, I estimate this
equation for the change in log population and its (approximate) components. All specifications control for year effects, the amenity variables
of Section 3.5 interacted with year effects, and interactions between the amenity variables and the enclave shift-share. Robust standard
errors, clustered by state, are in parentheses. Observations are weighted by lagged local population share. *** p<0.01, ** p<0.05, * p<0.1.

Table 8: Contribution of spatial correlation to average IV population response

Basic average response (from Table 2) Controlling for µFrt
Aggregate Foreign Residual Aggregate Foreign Residual
response component component response component component

∆lrt λFrt λIrt ∆lrt λFrt λIrt
(1) (2) (3) (4) (5) (6)

∆ log emp 0.748*** 0.237** 0.527*** 0.735*** 0.130*** 0.624***
(0.043) (0.093) (0.090) (0.040) (0.039) (0.049)

Lagged log emp rate 0.551*** 0.313*** 0.270* 0.530*** 0.126* 0.441***
(0.097) (0.119) (0.150) (0.096) (0.065) (0.123)

Enclave shift-share, µFrt 0.110* 0.952*** -0.870***
(0.060) (0.085) (0.108)

Amenity×yr controls Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610

Columns 1-3 reproduce the basic IV average response estimates from Table 2 (columns 2-4); and the remaining
columns replicate these specifications, but controlling for the enclave shift-share µFrt. Robust standard errors,
clustered by state, are in parentheses. Observations are weighted by lagged local population share. *** p<0.01, **
p<0.05, * p<0.1.
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Table 9: Evolution of enclave shift-share, µFrt

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

µFrt−1 1.007*** 1.000*** 0.543*** 0.531***
(0.039) (0.040) (0.051) (0.056)

Lagged foreign inflow: λFrt−1 0.469*** 0.472***
(0.072) (0.075)

Lagged net internal flow: λIrt−1 -0.009
(0.007)

Amenity×yr controls Yes Yes Yes Yes
Year sample 60-10 70-10 70-10 70-10
Observations 3,610 2,888 2,888 2,888

This table estimates OLS models for the enclave shift-share, µFrt. All specifications
control for year effects and the amenity variables (interacted with year effects)
described in Section 3.5. Robust standard errors, clustered by state, are in paren-
theses. Observations are weighted by lagged local population share. *** p<0.01,
** p<0.05, * p<0.1.

Table 10: Autoregressive models for composite employment shock, ∆ñrt

(1) (2) (3) (4) (5) (6)

∆ñrt−1 0.629*** 0.557*** 0.655*** 0.848*** 0.349*** 0.571***
(0.025) (0.054) (0.033) (0.068) (0.018) (0.155)

∆ñrt−2 0.399*** 0.311***
(0.016) (0.116)

Specification OLS IV OLS IV OLS IV
Instruments - brt−1 - brt−1 - brt−1, brt−2
F-tests - 38.16 16.12 - 30.89, 54.15
Implied sum of autocorrelations 1.70 1.26 1.90 5.58 3.90 9.62
Implied foreign contribution (%) 19.5 17.4 20.5 37.7 30.0 54.6
Amenity×yr controls Yes Yes Yes Yes Yes Yes
Year sample 70-10 70-10 80-10 80-10 80-10 80-10
Observations 2,888 2,888 2,166 2,166 2,166 2,166

This table presents OLS and IV estimates of AR(1) and AR(2) processes for the composite employment shock,
∆ñrt, whose values I impute using (36). Column 6 reports Sanderson-Windmeijer F-statistics which account
for multiple endogenous variables. The sum of autocorrelations,

∑
i>0

Cov(∆ñrt,∆ñrt−i)
V ar(∆ñrt) , is computed using the

coefficient estimates, as described in Appendix B.5. The implied foreign share E
[
Cov(λF

rt,∆ñrt)
Cov(∆lrt,∆ñrt)

]
is computed

according to equation (35), assuming µ̄F

µI = 0.11, θ = 0.469, and γF = γI . All specifications control for year
effects and the amenity variables (interacted with year effects) described in Section 3.5. Robust standard errors,
clustered by state, are in parentheses. Observations are weighted by lagged local population share. *** p<0.01,
** p<0.05, * p<0.1.
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Table A1: Average population responses: OLS and reduced form

Population responses Log emp rate responses
Aggregate Foreign Residual All indiv Native Migrant
response component component

∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7)

Panel A: OLS

∆ log emp 0.857*** 0.050*** 0.838*** 0.781*** 0.143*** 0.139*** 0.166***
(0.013) (0.017) (0.024) (0.019) (0.013) (0.014) (0.023)

Lagged log ER 0.246*** 0.089* 0.172*** 0.131*** -0.246*** -0.238*** -0.264***
(0.020) (0.052) (0.053) (0.040) (0.020) (0.021) (0.039)

Panel B: Reduced form

Current Bartik 0.541*** 0.152*** 0.397** 0.435*** 0.282*** 0.282*** 0.218**
(0.116) (0.055) (0.154) (0.120) (0.038) (0.040) (0.093)

Lagged Bartik 0.280*** 0.140*** 0.154* 0.154** -0.178*** -0.181*** -0.205***
(0.062) (0.033) (0.079) (0.066) (0.025) (0.026) (0.066)

Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,599

This table reports OLS and reduced form estimates of the average population responses, corresponding to the IV estimates
in Table 2 of the main text. See notes under Table 2 for further details. Robust standard errors, clustered by state, are in
parentheses. Each observation is weighted by the lagged local population share. *** p<0.01, ** p<0.05, * p<0.1.
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Table A2: Counterfactual population responses: OLS and reduced form

Average response Counterfactual response Log emp rate responses
(from Table 2) Aggregate variables Edu-specific variables All indiv Native Migrant

∆lrt ∆lrt ∆lrt Grad ∆lrt Non-grad ∆lrt
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: OLS

∆ log emp 0.857*** 0.851*** 0.850*** 0.980*** 0.807*** 0.149*** 0.145*** 0.178***
(0.013) (0.015) (0.015) (0.005) (0.018) (0.015) (0.015) (0.023)

Lagged log ER 0.246*** 0.235*** 0.234*** 0.558*** 0.198*** -0.235*** -0.226*** -0.243***
(0.020) (0.018) (0.019) (0.029) (0.019) (0.018) (0.018) (0.036)

Foreign contrib: λFrt 0.120** 0.131** 0.000 0.139*** -0.120** -0.131*** -0.228***
(0.048) (0.063) (0.037) (0.051) (0.048) (0.047) (0.051)

Lagged enclave, µFrt−1 -0.022
(0.057)

Panel B: Reduced form

Current Bartik, brt 0.541*** 0.546*** 0.531*** 0.734*** 0.461*** 0.293*** 0.294*** 0.232**
(0.116) (0.114) (0.114) (0.190) (0.096) (0.037) (0.038) (0.094)

Lagged Bartik, brt−1 0.280*** 0.286*** 0.288*** 0.298*** 0.228*** -0.164*** -0.166*** -0.187***
(0.062) (0.060) (0.059) (0.086) (0.058) (0.024) (0.024) (0.066)

Current enclave, µFrt -0.073 0.264 -0.358* -0.104 -0.160*** -0.184*** -0.207***
(0.139) (0.203) (0.189) (0.135) (0.034) (0.033) (0.045)

Lagged enclave, µFrt−1 -0.434***
(0.161)

Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,610 3,599

This table reports OLS and reduced form estimates, corresponding to the counterfactual specifications in Table 5 of the main text. See notes under
Table 5 for further details. Robust standard errors, clustered by state, are in parentheses. Each observation is weighted by the lagged local population
share. *** p<0.01, ** p<0.05, * p<0.1.
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Table A3: Heterogeneous-response specification: OLS and reduced form

Population responses Log emp rate responses
Aggregate Foreign Residual All indiv Native Migrant
response component component

∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7)

Panel A: OLS

∆ log emp 0.852*** 0.004 0.859*** 0.852*** 0.148*** 0.145*** 0.195***
(0.015) (0.012) (0.015) (0.018) (0.015) (0.015) (0.027)

∆ log emp * µFrt 0.169 1.930*** -1.030*** -2.877*** -0.169 -0.184 -1.128**
(0.247) (0.376) (0.379) (0.515) (0.247) (0.258) (0.527)

Lagged log ER 0.224*** 0.021 0.211*** 0.211*** -0.224*** -0.224*** -0.194***
(0.019) (0.012) (0.020) (0.021) (0.019) (0.019) (0.040)

Lagged log ER * µFrt 1.842*** 1.757*** 0.501 -2.384*** -1.842*** -1.328** -4.274***
(0.653) (0.647) (0.535) (0.377) (0.653) (0.621) (1.145)

µFrt 0.138** 1.108*** -0.969*** -0.569*** -0.138** -0.182*** -0.165**
(0.068) (0.056) (0.074) (0.063) (0.068) (0.066) (0.074)

Panel B: Reduced form

Current Bartik 0.700*** -0.007 0.706*** 0.722*** 0.293*** 0.287*** 0.291**
(0.113) (0.023) (0.112) (0.104) (0.043) (0.045) (0.110)

Current Bartik * µFrt -4.627** 2.310*** -6.112** -7.275*** 0.084 0.416 -2.384
(2.104) (0.605) (2.384) (1.969) (1.177) (1.203) (1.563)

Lagged Bartik 0.248*** 0.028*** 0.243*** 0.225*** -0.153*** -0.156*** -0.181**
(0.042) (0.010) (0.044) (0.041) (0.027) (0.026) (0.070)

Lagged Bartik * µFrt 1.415 2.092*** -1.124 -2.712* -0.487 -0.368 -0.285
(1.636) (0.313) (1.520) (1.363) (1.046) (0.951) (1.743)

µFrt 0.041 1.044*** -0.999*** -0.594** -0.271*** -0.284*** -0.358***
(0.366) (0.087) (0.344) (0.263) (0.075) (0.077) (0.102)

Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes
Amenity×µFrt controls Yes Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,599

This table reports OLS and reduced form estimates of the heterogeneous-response specification. These estimates correspond
to the IV estimates in Table 7 of the main text. See notes under Table 7 for further details. Robust standard errors, clustered
by state, are in parentheses. Each observation is weighted by the lagged local population share. *** p<0.01, ** p<0.05, *
p<0.1.
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Table A4: First stage for average education-specific population responses

College graduates Non-graduates
∆ log emp Lagged ∆ log emp Lagged

log ER log ER
(1) (2) (3) (4)

Current Bartik 0.760*** -0.028 0.795*** -0.148*
(0.224) (0.029) (0.105) (0.081)

Lagged Bartik 0.196** 0.019 0.014 0.443***
(0.086) (0.015) (0.064) (0.070)

SW F-stat 5.39 2.51 100.39 69.45
Amenity×yr controls Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610

This table presents first stage estimates corresponding to the education-
specific IV specifications in Table 3. I construct employment changes, lagged
employment rates and Bartik instruments using education-specific data, as
I describe in Section 4.3. The Sanderson-Windmeijer (2016) F-statistics ac-
count for multiple endogenous variables. See notes under Table 3 for further
details. Robust standard errors, clustered by state, are in parentheses. Each
observation is weighted by the lagged local population share. *** p<0.01,
** p<0.05, * p<0.1.

Table A5: First stage for education-specific counterfactual responses

College graduates Non-graduates
Foreign ∆ log Lagged Foreign ∆ log Lagged
inflow λFrt emp log ER inflow λFrt emp log ER

(1) (2) (3) (4) (5) (6)

Current Bartik 0.157*** 0.829*** -0.006 0.080*** 0.809*** -0.147*
(0.026) (0.193) (0.028) (0.026) (0.100) (0.078)

Lagged Bartik 0.054** 0.247*** 0.035** 0.075*** 0.038 0.445***
(0.022) (0.087) (0.016) (0.021) (0.062) (0.071)

µFrt 0.910*** -0.349* -0.109*** 0.905*** -0.295** -0.016
(0.099) (0.193) (0.026) (0.088) (0.116) (0.139)

SW F-test 6.19 4.91 4.25 85.08 120.54 71.32
Amenity×yr controls Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610

This table presents first stage estimates corresponding to the education-specific counterfactual spe-
cifications in columns 4-5 of Table 5. I construct employment changes, lagged employment rates,
enclaved shift-shares and Bartik instruments using education-specific data, as I describe in Section
4.3. The Sanderson-Windmeijer (2016) F-statistics account for multiple endogenous variables. See
notes under Table 5 for further details. Robust standard errors, clustered by state, are in parentheses.
Each observation is weighted by the lagged local population share. *** p<0.01, ** p<0.05, * p<0.1.
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Table A6: Robustness of IV population responses: Specification choices

Aggregate Foreign Residual Aggregate Foreign Residual
response component component response component component

∆lrt λFrt All: λIrt Natives: λI,Nrt ∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Original specification

∆ log emp 0.748*** 0.237** 0.527*** 0.571*** 0.791*** -0.006 0.809*** 0.825***
(0.043) (0.093) (0.090) (0.054) (0.036) (0.028) (0.046) (0.043)

∆ log emp * µFrt -0.689 4.908*** -5.326*** -8.410***
(0.804) (1.180) (1.127) (1.325)

Lagged log ER 0.551*** 0.313*** 0.270* 0.258** 0.560*** 0.007 0.595*** 0.579***
(0.097) (0.119) (0.150) (0.110) (0.114) (0.055) (0.131) (0.126)

Lagged log ER * µFrt 1.693 7.407*** -6.551*** -11.857***
(1.938) (2.203) (2.482) (3.542)

µFrt -0.039 1.016*** -1.038*** -0.593***
(0.143) (0.123) (0.191) (0.174)

Panel B: Controlling for CZ fixed effects

∆ log emp 0.653*** -0.054** 0.727*** 0.650*** 0.719*** -0.014 0.728*** 0.723***
(0.058) (0.021) (0.059) (0.054) (0.049) (0.029) (0.046) (0.046)

∆ log emp * µFrt -1.473* 2.882*** -4.013*** -7.052***
(0.806) (0.309) (0.814) (0.736)

Lagged log ER 1.178*** 0.185 1.033*** 0.852*** 0.997*** 0.356** 0.634** 0.410
(0.329) (0.229) (0.217) (0.245) (0.194) (0.150) (0.279) (0.363)

Lagged log ER * µFrt -1.039 7.299*** -9.201*** -15.586***
(2.092) (2.133) (1.920) (2.849)

µFrt 0.438** 0.602*** -0.142 0.308
(0.215) (0.172) (0.250) (0.343)

Panel C: Excluding lagged employment rate

∆ log emp 0.870*** 0.306*** 0.587*** 0.628*** 0.855*** 0.000 0.872*** 0.883***
(0.028) (0.076) (0.089) (0.057) (0.032) (0.033) (0.034) (0.030)

∆ log emp * µFrt -0.468 3.175*** -3.127*** -4.982***
(0.396) (0.787) (0.643) (0.672)

µFrt 0.296*** 1.271*** -0.965*** -0.709***
(0.112) (0.101) (0.136) (0.106)

Panel D: Raw employment variables

∆ log emp 0.630*** 0.185** 0.457*** 0.499*** 0.680*** 0.013 0.672*** 0.674***
(0.039) (0.085) (0.097) (0.058) (0.034) (0.032) (0.037) (0.038)

∆ log emp * µFrt -0.236 4.257*** -3.977*** -6.442***
(0.752) (1.403) (1.306) (1.405)

Lagged log ER 0.388*** 0.217*** 0.193* 0.185** 0.397*** -0.024 0.449*** 0.454***
(0.076) (0.073) (0.115) (0.086) (0.091) (0.043) (0.109) (0.105)

Lagged log ER * µFrt 2.328 6.291*** -4.309*** -8.509***
(2.012) (1.718) (1.526) (1.827)

µFrt 0.933 3.033*** -2.310*** -3.272***
(0.776) (0.641) (0.647) (0.745)

Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes Yes
Amenity×µFrt controls No No No No Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,610 3,610

This table replicates the IV estimates from columns 2-5 of Table 2 (i.e. the average population responses) and columns 2-5 of Table 7 (i.e.
the heterogeneous-response specification), subject to various changes of specification. Employment variables are composition-adjusted in all
specifications except in Panel D. Robust standard errors, clustered by state, are in parentheses. Each observation is weighted by the lagged
local population share. *** p<0.01, ** p<0.05, * p<0.1. See Appendix E.1 for discussion of the estimates.
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Table A7: Robustness of IV population responses: Amenity controls

Aggregate Foreign Residual Aggregate Foreign Residual
response component component response component component

∆lrt λFrt All: λIrt Natives: λI,Nrt ∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Year effects only

∆ log emp 0.851*** 0.399* 0.468* 0.581*** 0.799*** 0.068 0.741*** 0.813***
(0.052) (0.229) (0.240) (0.092) (0.057) (0.114) (0.158) (0.127)

∆ log emp * µFrt -0.616 7.248 -8.208 -11.165
(0.759) (8.017) (9.829) (9.260)

Lagged log ER 0.394*** 0.841** -0.426 -0.048 0.234*** 0.380 -0.138 0.007
(0.086) (0.428) (0.401) (0.185) (0.070) (0.362) (0.452) (0.390)

Lagged log ER * µFrt -0.027 11.284 -13.054 -16.914
(1.237) (13.308) (15.582) (15.559)

µFrt 0.227*** 0.771*** -0.510** -0.190
(0.052) (0.211) (0.254) (0.274)

Panel B: ... + amenity * year interactions

∆ log emp 0.748*** 0.237** 0.527*** 0.571*** 0.752*** 0.027 0.738*** 0.782***
(0.043) (0.093) (0.090) (0.054) (0.039) (0.054) (0.067) (0.068)

∆ log emp * µFrt -0.107 8.972 -9.258* -12.188**
(2.092) (5.796) (4.814) (5.079)

Lagged log ER 0.551*** 0.313*** 0.270* 0.258** 0.487*** -0.172 0.725*** 0.725***
(0.097) (0.119) (0.150) (0.110) (0.110) (0.277) (0.266) (0.256)

Lagged log ER * µFrt 2.174 16.061 -15.370* -19.784**
(4.261) (10.327) (8.908) (10.076)

µFrt 0.054 0.767*** -0.708*** -0.316
(0.077) (0.195) (0.244) (0.240)

Observations 3,610 3,610 3,610 3,610 3,610 3,610 3,610 3,610
This table replicates the IV estimates from columns 2-5 of Table 2 (i.e. the average population responses) and columns 2-5 of Table 7 (i.e. the
heterogeneous-response specification), subject to various combinations of right hand side controls. Robust standard errors, clustered by state,
are in parentheses. Each observation is weighted by the lagged local population share. *** p<0.01, ** p<0.05, * p<0.1. See Appendix E.2 for
discussion of the estimates.
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Table A8: Robustness of IV population responses: Sample and weights

Aggregate Foreign Residual Aggregate Foreign Residual
response component component response component component

∆lrt λFrt All: λIrt Natives: λI,Nrt ∆lrt λFrt All: λIrt Natives: λI,Nrt
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Weighted + Excluding observations with µFrt > 0.1 (N = 3,544; 88% of pop)

∆ log emp 0.761*** 0.265*** 0.510*** 0.575*** 0.834*** -0.044 0.898*** 0.913***
(0.043) (0.084) (0.085) (0.058) (0.053) (0.028) (0.070) (0.072)

∆ log emp * µFrt -3.077 8.488** -12.478* -15.216**
(3.623) (3.714) (6.995) (7.545)

Lagged log ER 0.501*** 0.142 0.406*** 0.313*** 0.540*** -0.036 0.608*** 0.576***
(0.093) (0.116) (0.144) (0.113) (0.105) (0.062) (0.135) (0.139)

Lagged log ER * µFrt -0.230 6.510* -7.763 -11.487
(3.367) (3.712) (7.486) (7.667)

µFrt 0.037 0.893*** -0.750 -0.273
(0.244) (0.265) (0.516) (0.507)

Panel B: Unweighted (N = 3,610; 100% of pop)

∆ log emp 0.759*** 0.098*** 0.677*** 0.686*** 0.780*** 0.016** 0.773*** 0.798***
(0.038) (0.017) (0.042) (0.040) (0.040) (0.007) (0.042) (0.042)

∆ log emp * µFrt 1.607* 1.968*** 0.078 -4.457***
(0.854) (0.475) (1.097) (1.132)

Lagged log ER 0.444*** 0.129*** 0.333*** 0.315*** 0.455*** 0.029** 0.443*** 0.444***
(0.067) (0.031) (0.059) (0.060) (0.080) (0.013) (0.082) (0.074)

Lagged log ER * µFrt 4.565*** 3.592*** 1.091 -7.071***
(1.708) (0.783) (2.057) (1.908)

µFrt -0.352* 0.930*** -1.288*** -0.670***
(0.182) (0.045) (0.184) (0.152)

Panel C: Unweighted + Excluding CZs with 1960 population of 16-64s < 25,000 (N = 2,425; 98% of pop)

∆ log emp 0.765*** 0.102*** 0.679*** 0.690*** 0.791*** 0.015*** 0.785*** 0.801***
(0.038) (0.019) (0.041) (0.040) (0.042) (0.006) (0.043) (0.042)

∆ log emp * µFrt -0.001 1.989*** -1.570 -5.041***
(0.752) (0.501) (1.010) (1.209)

Lagged log ER 0.434*** 0.139*** 0.315*** 0.303*** 0.454*** 0.034*** 0.437*** 0.425***
(0.067) (0.034) (0.066) (0.066) (0.077) (0.013) (0.080) (0.076)

Lagged log ER * µFrt 1.699 4.171*** -2.456 -8.771***
(1.496) (0.618) (1.616) (1.478)

µFrt -0.038 0.897*** -0.918*** -0.441***
(0.125) (0.049) (0.121) (0.149)

Panel D: Unweighted + Excluding CZs with 1960 population of 16-64s < 50,000 (N = 1,675; 93% of pop)

∆ log emp 0.749*** 0.105*** 0.661*** 0.669*** 0.769*** 0.011 0.767*** 0.785***
(0.034) (0.023) (0.038) (0.035) (0.039) (0.008) (0.039) (0.039)

∆ log emp * µFrt -0.335 2.257*** -2.143* -5.521***
(0.802) (0.598) (1.094) (1.376)

Lagged log ER 0.427*** 0.143*** 0.303*** 0.308*** 0.442*** 0.033** 0.425*** 0.421***
(0.052) (0.041) (0.051) (0.048) (0.054) (0.014) (0.058) (0.057)

Lagged log ER * µFrt 0.875 5.051*** -4.108** -10.391***
(1.999) (0.866) (1.796) (1.791)

µFrt 0.067 0.878*** -0.792*** -0.331**
(0.097) (0.068) (0.095) (0.131)

Amenity×yr controls Yes Yes Yes Yes Yes Yes Yes Yes
Amenity×µFrt controls No No No No Yes Yes Yes Yes

This table replicates the IV estimates from columns 2-5 of Table 2 (i.e. the average population responses) and columns 2-5 of Table 7 (i.e.
the heterogeneous-response specification), subject to various weighting choices (i.e. with or without lagged local population share weights) and
sample choices. Robust standard errors, clustered by state, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Appendix E.3 for discussion
of the estimates.
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Table A9: Share of old migrants in local population adjustment

Overall: Within-cohort:
λI,OMrt λI,OM,cohort

rt

(1) (2)

∆ log emp -0.039 0.002
(0.050) (0.031)

Lagged log ER 0.011 -0.008
(0.061) (0.038)

Amenity×yr controls Yes Yes
Observations 3,610 3,610

This table re-estimates the average IV population re-
sponses in Table 2, but replacing the dependent vari-
able with the overall contribution of old migrants
(i.e. those living in the US since period t − 1) and
the within-cohort contribution, as defind by equations
(A33) and (A34) in Appendix E.4. Otherwise, the
specifications are identical to Table 2. Robust stand-
ard errors, clustered by state, are in parentheses. Each
observation is weighted by the lagged local population
share. *** p<0.01, ** p<0.05, * p<0.1.

Table A10: Breakdown of average IV foreign response by country/region of origin

Total foreign Mexico Other Latin Europe and Asia Other
response America former USSR

(1) (2) (3) (4) (5) (6)

∆ log emp 0.237** -0.01 0.121*** 0.042*** 0.045** 0.048***
(0.093) (0.020) (0.046) (0.012) (0.022) (0.014)

Lagged log ER 0.313*** 0.089*** 0.087 0.033** 0.105** 0.015
(0.119) (0.034) (0.064) (0.014) (0.042) (0.015)

% foreign inflows 100 26.9 21.9 14.6 26.6 10.0
Amenity×yr controls Yes Yes Yes Yes Yes Yes
Observations 3,610 3,610 3,610 3,610 3,610 3,610

This table breaks down the foreign response in column 3 of Table 2 into approximate contributions from
origin country groups. For each origin group o, I replace the dependent variable of equation (27) with
λFort ≡ log

(
Lrt−1+LF o

rt

Lrt−1

)
. Otherwise, the specifications are identical to Table 2. Robust standard errors,

clustered by state, are in parentheses. Each observation is weighted by the lagged local population share.
*** p<0.01, ** p<0.05, * p<0.1. See Appendix E.5 for discussion of the estimates.
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Table A11: Reconciliation with IV population responses from Cadena and Kovak (2016)

All Natives Mexican Other
migrants migrants

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

Panel A: Cadena and Kovak’s Panel A, Table 4

W/i-industry shock: group-specific 0.223 0.007 0.992** -0.675**
(0.166) (0.090) (0.468) (0.278)

Panel B: As above, but replace IndShockgr with ∆ngr

∆ log emp: group-specific 0.301* 0.013 0.771*** 1.413***
(0.170) (0.159) (0.104) (0.356)

Panel C: Control for dynamics

∆ log emp: group-specific 0.654*** 0.871** 0.380 1.470***
(0.199) (0.441) (0.413) (0.552)

Log ER in 2006: group-specific 0.680** 0.745*** -2.429 -0.519
(0.305) (0.284) (2.651) (2.753)

Panel D: First stage for ∆ log emp in Panel C specification

Bartik 2006-10 2.928*** 1.789** 7.805*** -3.342*
(0.763) (0.734) (1.661) (1.814)

Bartik 2000-06 0.223 0.558 -2.013* 1.387
(0.575) (0.548) (1.208) (1.337)

Panel E: First stage for log ER in 2006 in Panel C specification

Bartik 2006-10 -2.777*** -3.936*** -1.075** -0.643
(0.625) (1.352) (0.501) (0.812)

Bartik 2000-06 1.402*** 1.507*** 0.029 0.506
(0.485) (0.513) (0.303) (0.697)

SW F-stats for Panel C
∆ log emp 5.30 5.54 1.05 0.62
Log ER in 2006 4.94 5.42 0.97 0.32

Amenity controls No No No No
Observations 94 94 94 94

This table offers a reconciliation with Panel A of Cadena and Kovak’s (2016) Table
4. The reported coefficients are estimates of ω1 in various specifications of equation
(A35). All estimates correspond to men with no college education. Throughout, I use
Cadena and Kovak’s sample of 94 MSAs over the period 2006-10. Panel A reproduces
Cadena and Kovak’s own estimates of ω1g, instrumenting the within-industry shock with
a Bartik shift-share. Panel B replaces the within-industry shock with the overall change
in employment, but retaining the same instrument. Panel C controls additionally for
the lagged employment rate in 2006, which I instrument with a lagged Bartik shift-share
(predicting employment changes in the period 2000-6). Panels D and E report the first
stage estimates (for the two endogenous variables) for the dynamic specification (i.e.
with the lagged employment rate). The associated Sanderson-Windmeijer (2016) F-
statistics account for multiple endogenous variables. In line with Cadena and Kovak, all
specifications control for the Mexican population share in 2000 and indicators for MSAs
in states that enacted anti-migrant employment legislation. *** p<0.01, ** p<0.05, *
p<0.1. See Appendix F for discussion of the estimates.
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Figure 1: Annual gross flows to US states

Panel A describes trends in annual gross migratory flows to US states. The “internal” flow is the share of individuals
living in a different state (within the US) 12 months previously. The “foreign” flow is the share of individuals who are (i)
foreign-born and (ii) living abroad 12 months previously. Panel B reports the share of gross flows to US states (i.e. all
individuals living outside their current state 12 months previously) which are due to foreign-born individuals coming from
abroad: i.e. the ratio of “foreign” to total flows. Data is based on the the Current Population Survey and US census. See
Appendix C.4 for further details.
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Figure 2: Mean variables of interest by CZ: 1960-2010
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Figure 3: Impulse responses for shocks to employment growth ∆nrt
This figure illustrates impulse responses for exogenous shocks to employment growth ∆nrt. In Panel A, I study a temporary
0.1 shock to ∆nrt at time (decade) 1: i.e. ∆nrt = 0.1 at t = 1, and ∆nrt = 0 otherwise. And in Panel B, I study a
permanent 0.1 shock to employment growth: ∆nrt = 0.1 for all t > 0.
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