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Abstract
A central regularity of US economic geography is the spatial correlation between local human

capital and the skill intensity of local industries, yet the causal effect of human capital on the skill
composition of industries remains unclear. I examine how ancestry-induced shifts in historical
human capital shape the contemporary industrial skill distribution of US counties. Exploiting
quasi-random variation in ancestry composition for 1970-2010 based on origin-by-destination im-
migration stocks from 1860-2010, I generate plausibly exogenous variation in the skill structure
of local working-age populations. The findings show that exogenous increases in medium- and
high-skill worker shares raise the employment and establishment shares of high-skill industries
and reduce those of low-gkill industries. Adjustment is asymmetric across sectors: nontradables
expand, consistent with stronger local demand, whereas tradables contract as relative scarcity
of low-skill labor increases local costs. A model with imperfect substitution across skill types
rationalizes these patterns and implies partial yet systematic reallocation toward skill-intensive
economic activity following shifts in the labor force composition. The results identify a key
mechanism through which long-run, demography-driven human capital shocks reshape regional

production structure, informing local economic development and education policies.
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1 Introduction

There exist significant differences in the skill composition of industries across the United States.
This skill heterogeneity has been attributed to technological change and job polarization, as well as
to local demand shocks and amenities.! However, an additional channel shaping the spatial sorting
of skills and industries may lie in variation in human capital across local labor markets. Regions
with more educated workforces can attract employers that rely more intensively on skilled labor,
while areas with limited human capital may specialize in low-skill production. In this sense, shifts
in local human capital supply can causally impact industrial specialization by altering the relative
costs and availability of labor inputs. Yet, despite its theoretical relevance, the empirical evidence
on how labor supply shocks shape the industrial skill composition of US regions remains limited.?

This paper provides empirical evidence on how exogenous shifts in local human capital,
induced by historical immigration, affect the industrial skill composition of employment and estab-
lishments across US counties. Examining both employment and establishment outcomes captures
how shifts in local human capital translate into adjustments in the allocation of labor and productive
activity across industries. The importance of this analysis rests in its potential policy implications,
as it highlights the mechanisms through which workforce composition shapes regional industrial
structure and informs ongoing debates on place-based and workforce development policies. For
policymakers seeking to improve workers’ earnings and promote firm creation, a central question
is whether increasing local human capital can indeed generate “high-paying jobs.”? For instance,
policies that aim to attract high-tech or knowledge-intensive firms, often through education or
training initiatives, may succeed only if firms endogenously respond to the augmented skill supply.
Otherwise, the gains may dissipate if firms fail to enter, or if skilled workers relocate elsewhere.
Understanding how the labor supply of different skill types affects the industrial skill distribution
across US counties is thus essential for designing effective regional development strategies.

The primary empirical challenge pertains to the endogeneity of local human capital with
respect to unobserved labor demand shocks. For example, if a county is characterized by a high
concentration of skill-intensive industries offering well-paid jobs and entrepreneurial opportunities,

highly educated individuals may endogenously sort into that area. Such selective migration would

'See Acemoglu (2011), Autor and Dorn (2013), Moretti (2010), and Diamond (2016).

2See Bartik (1991), Notowidigdo (2020), and Giannone (2022) for related evidence on local labor supply and
industrial adjustment.

3For relevant discussions on skill upgrading and local wage premia, see Moretti (2004) and Greenstone et al.
(2010).



generate spurious correlations between the local share of high-skill population and the employment
or establishment shares of high-skill industries. To address this concern, I present three empirical
patterns that mitigate the potential endogeneity of human capital.

First, much of the spatial variation in contemporary human capital reflects the path de-
pendence and persistence (Allen and Donaldson, 2020; Voth, 2021) in historical immigration. Im-
migrants from different origin countries have arrived with systematically distinct skill levels and
occupational specializations. This selection process (Borjas, 1987; Abramitzky et al., 2012; Clemens
and Mendola, 2024) has generated cross-location differences in the composition of human capital by
shifting the distribution of skills across industries (Goldin, 1994; Abramitzky et al., 2014; Boberg-
Fazli¢ and Sharp, 2024). Second, historical settlement patterns of immigrants has produced het-
erogeneity in educational attainment across localities through the inter-generational transmission
of human capital (Abramitzky and Braggion, 2006; Sequeira et al., 2020). Finally, immigrants have
historically clustered in areas with pre-existing “ethnic enclaves,” demonstrating the non-random
nature of immigrant settlement (Altonji and Card, 1991; Card, 2001). “Social networks” have fur-
ther amplified these patterns by attracting subsequent cohorts of immigrants with comparable skill
endowments (Munshi, 2003).

Directed by the potential mechanisms above, I proceed with my identification strategy in
the following steps. First, using detailed data on ancestry groups (Fulford et al., 2019), I predict
ancestry stocks for each census year in 1970-2010 by leveraging historical origin-by-destination im-
migration patterns (i.e., the “push” and “pull” factors) from 1860 to 2010 within an advanced
version of the shift-share instrumental variable (SSIV) approach (Burchardi et al., 2019).* This
construction addresses issues typical of the canonical shift-share design serial correlation in immi-
gration patterns (Jaeger et al., 2018), correlations between levels or trends in economic outcomes
and current immigration (Goldsmith-Pinkham et al., 2020; Borusyak et al., 2022), and the over-
rejection problem (Adao et al., 2019).° This procedure generates granular, quasi-random variation
in ancestry, alleviating these concerns along with endogeneity arising from immigrant self-sorting
into destinations. Second, utilizing this predicted ancestry, I isolate the exogenous population of
each skill type, measured by the number of individuals with varying educational attainment at the

county level for the decennial 1970-2010 period.

“Note that Burchardi et al. (2019) predict the number of individuals with reported ancestries at the county level,
reflecting the changing nature of ethnic identity as a social construct. By contrast, I use a different measure of
ancestry in the spirit of Fulford et al. (2019) that highlights genealogical construction by taking internal migration,
generational transmission, and population growth of ancestries into account.

SBorusyak et al. (2025) provide a comprehensive guide for the use of shift-share instruments.



I make two major contributions to the relevant literature. My first contribution is to quantify
the causal impact of human-capital-specific local population on the industrial skill composition of
employment and establishment shares at the county level. The studies in the existing literature
examine how exogenous changes in local labor supply, such as immigration inflows (Altonji and
Card, 1991; Borjas, 2003; Ottaviano and Peri, 2012; Dustmann et al., 2017; Droller, 2018; Burchardi
et al., 2019), demographic transitions (Maestas et al., 2023), or internal migration responses to
local shocks (Monras, 2018), affect native labor market outcomes, local demand, and regional
economic activity. In contrast, I focus on how the industrial skill distribution of workers and
establishments adjusts to skill-specific exogenous shifts in the working-age population generated by
predicted ancestry-based immigration patterns. Rather than studying aggregate effects on wages or
employment levels, I analyze how local industries reallocate employment and establishments across
skill cells that closely mirror the grouping of working-age individuals by educational attainment.
To further capture heterogeneity in adjustment mechanisms, I distinguish between tradable and
nontradable industries, whereby the former reflect exposure to global competition and the latter
capture local demand multipliers.

My second contribution is to generate skill-specific exogenous variation in working-age pop-
ulation at the county level, thus enabling identification of the geographic distribution of workers
and establishments. This approach addresses the challenge of disentangling supply-side responses
from demand-driven changes in the local composition of skilled labor. Individuals with varying
educational attainment tend to relocate to places where firms’ demand for specific skills aligns
with their human capital. For instance, concentrations of high-technology firms, such as those in
Palo Alto, attract highly educated workers. Without accounting for this endogenous sorting, lo-
cal shares of high-skill population and employment or establishment shares in high-skill industries
would be spuriously correlated. To overcome this issue, I construct exogenous variation in the
working-age population of each skill type at the county level by exploiting the predicted ancestry
stocks explained above. This variation is driven by (i) heterogeneity in immigrant human capital
as well as occupational and task specializations led by the immigrant selection process, (ii) the
path dependence in the inter-generational transmission of human capital from earlier immigrant
cohorts to their descendants, and (iii) the persistence of “ethnic enclaves” and “social networks”
that shape subsequent immigrant inflows.

To guide the empirical analysis, I utilize a constant elasticity of substitution (CES) model

with two distinct representative firms (white and blue collar), each specializing in producing dif-



ferentiated output sold in a perfectly competitive market. The firms employ labor of different skill
types (high or low skill) with varying intensities (Autor et al., 1998) and face imperfect substi-
tutability across education groups (Katz and Murphy, 1992; Card and Lemieux, 2001). The model
predicts that an increase in the share of high-skill labor supply raises the labor demand share of
white-collar firms, whereas a rise in the share of low-skill labor supply reduces it. Conversely, the
labor demand share of blue-collar firms increases with a larger share of low-skill labor supply and
declines when the share of high-skill labor supply expands. The magnitude of these adjustments de-
pends on the elasticity of substitution between skill types: higher substitutability dampens changes
through smooth input reallocation within firms, while lower substitutability amplifies them through
the reallocation of production across sectors.

I find that, relative to low-skill population share, increases in medium- and high-skill pop-
ulation shares reallocate employment and establishments toward high-skill industries. A one-
percentage-point rise in these population shares raises high-skill industry employment by approxi-
mately 0.2-0.5 percentage points and reduces employment in low-skill industries by about 0.3-0.4
percentage points, with medium-skill industries showing smaller and mixed responses. Establish-
ment shares exhibit comparable patterns: high-skill industries expand by roughly 0.3—-1 percentage
point, while low-skill industries contract modestly, and medium-skill industries experience slight
declines following an increase in high-skill population share. The magnitudes of these effects suggest
a moderate elasticity of substitution between high- and low-skill labor. Firms can substitute across
skill types to some degree, but imperfect substitutability amplifies sectoral reallocation. Increases
in high-skill labor supply thus expand high-skill industries and contract low-skill ones, while within-
industry adjustments remain limited. These patterns overlap conceptually with Moretti (2004) and
Shapiro (2006), who find that higher local human capital boosts productivity and shifts employ-
ment toward skill-intensive activities. However, unlike their focus on productivity and demand-side
spillovers that raise aggregate employment and wages, my results highlight a reallocation mecha-
nism, whereby exogenous increases in local human capital reshape the industrial composition itself,
shifting establishments and employment toward more skill-intensive sectors.

To examine heterogeneity by industry tradability, I find that most positive effects in the
baseline analysis originate from the nontradable sector, while negative effects primarily arise in the
tradable sector. These results are consistent with nontradable industries expanding in response to
stronger local demand (Moretti, 2010; Mian and Sufi, 2014) that amplifies the gains from a more

skilled workforce. In contrast, tradable industries experience reduced local competitiveness (Autor



and Dorn, 2013), reflecting the costs associated with the relative scarcity of low-skill labor. Addi-
tional heterogeneity by establishment size shows that the positive effects are concentrated among
medium-sized establishments in the nontradable sector, whereas the negative effects are absorbed
mainly by small establishments across both sectors. These patterns support a mechanism in which
differences in labor productivity drive the direction of adjustment: tradability determines whether
industries expand locally or adjust externally, and smaller and medium-sized establishments exhibit
the greatest responsiveness.

Lastly, I carry out a set of robustness checks, which include the use of alternative instru-
ments, various sample selections, and alternative tradability classification. Additionally, I imple-
ment placebo checks and randomization tests highlighted in Adao et al. (2019) to address the
over-rejection problem typical of the SSIV designs. The results demonstrate that my main esti-
mates are robust to all sensitivity checks.

This paper connects to several strands of research. First, it contributes to studies examining
how industries and establishments respond to quasi-experimental labor market shocks. The liter-
ature exploits immigration policies as sources of exogenous local labor supply variation to assess
their effects on workers and firms (Kerr et al., 2015; Bound et al., 2017; Khanna et al., 2018; Doran
et al., 2022; Mahajan et al., 2024; Clemens and Lewis, 2022; Amuedo-Dorantes et al., 2023).% In
this context, I evaluate how ancestry-induced exogenous shifts in local population composition af-
fect employment and establishment shares across industries defined by skill intensity, showing that
workers and establishments respond asymmetrically to changes in the local human capital mix.

Second, the paper adds to the literature emphasizing the persistence of historical events
in shaping present-day economic outcomes (Nunn, 2014; Allen and Donaldson, 2020; Voth, 2021;
Abramitzky and Braggion, 2006; Bleakley and Lin, 2012; Bazzi et al., 2020; Sequeira et al., 2020;
Fulford et al., 2019; Rocha et al., 2017; Droller, 2018; Valencia Caicedo, 2019). Relative to these
studies, I highlight how quasi-random variation in historical immigrant settlement patterns induced
long-run differences in local human capital. Historical immigration at fine geographic scales remains
a powerful predictor of educational attainment among the working-age population in US counties.

Third, I build on empirical work employing the shift-share instrumental variable (SSIV)
approach to address endogeneity in immigration studies (Altonji and Card, 1991; Card, 2001; Bor-
jas, 2003, 2005; Dustmann et al., 2017; Ottaviano and Peri, 2012; Foged and Peri, 2016; Pandey

SUlltveit-Moe et al. (2019) quantifies industry and occupational adjustments to immigration-driven labor supply
shocks.



and Chaudhuri, 2017). While these studies rely on the canonical Card-type design, I use an ad-
vanced SSIV framework following Burchardi et al. (2019).” This design accounts for origin- and
destination-specific confounding shocks by leaving out relevant geographic units in both the push
and pull components.

Finally, I complement research employing a CES production framework with imperfectly
substitutable labor of different skill levels (Katz and Murphy, 1992; Card and Lemieux, 2001),
in which representative firms specialize in using particular types of labor more intensively (Autor
et al., 1998). These models emphasize the role of firm specialization in shaping labor demand across
skill groups, providing theoretical grounding for the empirical work examined here.

The remainder of the paper is organized as follows. Section 2 presents the theoretical frame-
work, introducing the model and deriving the comparative statics. Section 3 outlines the empirical
strategy, addressing endogeneity concerns in human capital and describing the identification strat-
egy. Section 4 details the data sources, explains the skill and tradability classifications, and reports
summary statistics. Section 5 presents the main results and discussion. Section 6 examines the

robustness of the findings. Section 7 concludes.

2 Theoretical Framework

In this section, I outline a theoretical framework that guides the subsequent empirical analysis. The
model features two firm types producing differentiated output, each employing labor of a specific
skill group more intensively, following Autor et al. (1998). Production occurs within a constant
elasticity of substitution (CES) environment that allows for imperfect substitution across skills
(Katz and Murphy, 1992; Card and Lemieux, 2001). Unlike the standard approach that focuses
on wage adjustment, the framework emphasizes how variation in relative labor supplies shifts the
equilibrium allocation of production across firm types, shaping the local industrial structure and

patterns of regional development.

2.1 Setup

There exist two representative firms, blue and white collar, indexed by ¢ € {b, w}, each specializing
in producing differentiated output, which they sell into a perfectly competitive market. Each type
of firm produces output, @;, by combining labor of high-skill (L;;) and low-skill workers (L; ;)

"See also Terry et al. (2021) for a closely related identification strategy linking immigration to innovation and
growth, as well as Burstein et al. (2020) and Caiumi and Peri (2024) for alternative extensions.



according to a CES production function:
a—1 o—1Y\ o—1
Qi = (BLhLiﬁ + BiaL; 7 > : (1)

Each firm utilizes labor of either high- or low-skill workers, e € {h,{} more intensively. The relative
productivity parameters, 3; 5 and 3;;, differ across firm types such that 3, > Bpn and By > By,
with 3; 5 + 8;; = 1. Within each firm, white-collar firms employ high-skill labor more intensively
(Bw,h > Puw,i), whereas blue-collar firms rely more heavily on low-skill labor (8,; > Bpp). The
parameter o denotes the elasticity of substitution between labor types. These assumptions imply
that low-skill labor is relatively more productive in blue-collar firms, whereas high-skill labor is

relatively more productive in white-collar firms.

2.2 Comparative Statics

The differences in relative productivity parameters and the assumption of imperfect substitutability
between high- and low-skill labor imply that B, > 1, B, < 1, B, > By, and Z > 0.® Therefore,
the response of labor demand share of each firm type to the relative labor supply of each skill type

becomes

o~ (5m) (F77) 0 @
= (mm) (7)< ®
o~ (55) > @
o (5m) < ®

An increase in the relative supply of high-skill workers raises the labor-demand share of
white-collar firms, while a rise in low-skill labor supply reduces it, as shown in equations (2)
and (5). Conversely, the labor-demand share of blue-collar firms increases with greater low-skill
labor supply and declines when high-skill labor becomes more abundant, as shown in equations (4)
and (3). These results follow from differences in relative productivity across labor types. White-

collar firms have a comparative advantage in employing high-skill labor (8,5 > Bbp), whereas

8The full derivations of the model are presented in Appendix A.



blue-collar firms are relatively more productive with low-skill labor (8,; > B,,;). Thus, a higher
supply share of high-gkill labor reallocates production toward the high-skill-intensive sector, raising
its employment share and lowering that of the low-skill-intensive sector. Likewise, a larger supply
share of low-skill labor expands the relative size of blue-collar firms. These responses reflect firm
specialization combined with imperfect substitutability between labor types.’

The magnitude of these comparative statics depends on o, which governs how easily firms
can substitute between high- and low-skill labor within production. When labor inputs are more
substitutable (higher ), firms can adjust input mixes internally, leading to smaller changes in
employment shares across firm types. In contrast, when labor inputs are less substitutable (lower o),
substitution within firms is limited, and the adjustment occurs mainly through reallocation of
production across sectors, amplifying changes in employment and establishment shares.!”

Empirically, this mechanism implies the following predictions. Regions or industries charac-
terized by lower estimated substitutability between skill groups should exhibit stronger reallocation
of employment and establishment shares in response to changes in labor supply composition. Con-
versely, when skills are more easily substituted, these compositional adjustments are expected to

be attenuated.

3 Empirical Strategy

3.1 Estimating Equation and Potential Threats to Identification

Guided by the theoretical framework, the empirical analysis tests whether changes in the relative
supply of different skill groups translate into shifts in the industrial composition of local labor
markets. Specifically, I examine how the shares of medium- and high-skill population, measured
relative to low-skill population, affect employment and establishment shares of industries of varying
skill intensity across US counties over time. Considering both employment and establishment
outcomes allows me to capture adjustment along two related margins of local industry structure,
reflecting changes in the allocation of workers and establishments within local economies. The

estimating equation takes the following form:

9The model’s comparative-static results extend unchanged once a third, medium-skill type is inserted, in which
it becomes an interior point between the polar types.

10Tn the limiting cases, as o — 0 (perfect complements) or 0 — oo (perfect substitutes), the model collapses to
settings in which all adjustment occurs either entirely between or entirely within firms, respectively. Therefore, the
analysis here assumes imperfect but finite substitution, 1 < o < co.



Ye,dt = as(d) + oz + ne,d,tﬁe + €e,d,ts (6)

where n 4 is a vector of medium- and high-skill population shares (i.e., e € {medium, high}) in
county d at time ¢, measured by human capital levels. For each decennial census year, I define
this variable as the number of working-age individuals with certain educational attainment by
county relative to the entire working-age county population. I classify individuals with a high
school degree and less as low skill, those with some college education as medium skill, and those
with college degree and above as high skill. y. 4+ is the outcome of interest, which is employment
and establishment shares of industry skill type e in county d at time ¢ in separate specifications.
The classification of industries into skill cells closely follows the human capital classification. In
particular, I classify industries with average years of education corresponding to a high-skill degree
and less as low skill, those with mean education equivalent to some college as medium skill, and
those with average education comparable to college degree and above as high skill.

I define the employment share variable for each skill type as the number of workers in
industries of each skill type by county divided by the entire county workforce in each census year.
I construct the establishment share variable of each skill type as the number of establishments in
industries of each skill type by county relative to the total number of establishments by county
in each census year. agg) and oy represent state and time (decennial census year) fixed effects
controlling for any time-invariant state-wide factors and aggregate shocks, as well as time-specific
trends. The identifying variation, therefore, arises from changes across counties within the same
state over time. The error term e 4; captures all omitted factors. Standard errors are clustered
at the county level to account for arbitrary serial correlation within counties, which is the level of
treatment variation.'!

The OLS estimates of the coefficient of interest, B, however, are likely biased, since un-
observed confounding factors may affect the industrial skill composition of both employment and
establishments in counties despite the inclusion of state and time fixed effects. This problem
may lead to reverse causality and omitted variable bias, which may emerge due to the local la-
bor market and firm creation opportunities being likely correlated with local productivity shocks.
Consequently, these opportunities may attract individuals with certain educational attainment to

a specific locality. For instance, the major concentration of the oil and gas industry in Houston

1 Clustering at the state level would be excessively conservative given the relatively small number of states and
the sub-state nature of the analysis.



(Harris county) may draw in high-skill petroleum engineers. Furthermore, as this sector experiences
a boom, it may result in an expansion of oil refineries (i.e., establishments). Therefore, these local
confounding shocks would generate spurious correlations between population human capital shares
and the outcomes of interest. In the following subsection, I underline the mechanisms as motivating

facts to account for this endogeneity concern.

3.2 What Explains Today’s Varying Human Capital Levels across US Counties?

The first mechanism that contributes to the variation in the current economic conditions in US
localities is the heterogeneity in skills and occupational specialization of immigrants in both his-
torical and modern times. To the extent that retrospective immigrant selection process (Borjas,
1987; Abramitzky et al., 2012) across different origins is instrumental in affecting future economic
outcomes in destinations, one can illustrate shifts in the skill composition of industries through
variation in immigrant human capital.!? For instance, some immigrants historically provided un-
skilled labor (Bergquist, 2007; Goldin, 1994) and crucial skills for industries (Malone, 1935), while
others provided knowledge and innovation in various industries (Wittke, 1939; Boberg-Fazli¢ and
Sharp, 2024).

Findings in Abramitzky et al. (2014) reveal substantial heterogeneity in the 1900-level oc-
cupational distribution of immigrants. The similar patterns on the task specialization, innovation,
comparative advantage, and skills can still be observed amongst the relatively recent immigrants
(Peri and Sparber, 2009; Hunt and Gauthier-Loiselle, 2010; Chiquiar and Hanson, 2005; Chiswick
and Taengnoi, 2007; Hanson and Liu, 2023; Clemens and Mendola, 2024).

Building on the channel identified above, the second mechanism pertains to persistence and
path dependence, the long-lasting impact of historical events (Nunn, 2014; Allen and Donaldson,
2020; Voth, 2021). From the human capital perspective, one likely channel through which the
spatial differences in human capital levels exist at present can be attributed to historical immigra-
tion. In particular, settlements of earlier immigrants have induced varying degrees of educational
attainment amongst local population via the transmission of human capital. For example, Sequeira
et al. (2020) find that counties with a higher exposure to historical immigration have a larger level
of educational attainment today.'® Abramitzky and Braggion (2006) explain the comparative eco-

nomic performance in the subsequent periods through the historical positive and negative selections

12The immigrant selection process is built upon the selection of workers into occupations pioneered in Roy (1951).
13For the contributions of immigrants to the US educational system, see Faust (1916).
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amongst servants to mainland American colonies and those to West Indies, respectively.'4

The final mechanism connects to historical immigration leading to the emergence of “ethnic
enclaves” (Altonji and Card, 1991; Card, 2001). The location choice of prospective immigrants
is heavily dictated by pre-existing immigrant settlements in a certain location. This can be cor-
roborated by the diverse historical ancestry compositions across regions of the US such as the
prevalence of Mexican ancestry in the Southwest, Italian ancestry in the Northeast, and German
ancestry in the Midwest (Abramitzky and Boustan, 2017). These “social networks” are another
contributing factor in attracting immigrants to specific areas. The existence of these networks is
pivotal to immigrants arriving in the succeeding periods, since they might receive job referrals or

acquire information on local economic conditions from their fellow countrymen (Munshi, 2003).

3.3 The Construction of Valid Instruments

Motivated by the mechanisms highlighted above, I generate the quasi-random variation in ancestry
relying on historical settlement patterns at the granular level within an enhanced version of the
shift-share instrumental variable (SSIV) approach. Using this predicted ancestry, I isolate plausibly
exogenous working-age population with varying levels of educational attainment. These instruments

correct for the previously identified endogeneity problem in human capital.

3.3.1 Predicting Ancestry Stocks

First, I predict the total number of individuals with ancestry o (i.e., country), who resides in d (i.e.,
county) at time ¢ (i.e., census year), A, 4, by following the econometric procedure developed in
Burchardi et al. (2019) but using the geneological ancestry measure of Fulford et al. (2019).!5 This
method predicts ancestry stocks via the interactions of the historical “push” and “pull” factors along
with a leave-out strategy. This helps identify variations in A, 4; that are plausibly exogenous to
both county- and country-county-specific factors. Thus, I generate granular quasi-random variation
in ancestry stocks at the county level from the simultaneous joint forces of the “push” and “pull”

factors, by estimating the following equation:

“Valencia Caicedo (2019) documents the role of eighteenth century Jesuit presence in places across South America.
Rocha et al. (2017) demonstrate the importance of historical immigrant settlement policies in Brazilian municipalities
in underpinning current higher educational attainment. Droller (2018) finds that counties with higher shares of
historical European immigrants have higher GDP per capita today due to better educational attainment amongst
immigrants in Argentina.

15Unlike Burchardi et al. (2019), who predict county-level ancestries based on reported identities that evolve as
social constructs, I employ an ancestry measure following Fulford et al. (2019) that reflects genealogical lineage by
incorporating internal migration, intergenerational transmission, and ancestry-specific population growth.
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where A, ¢ is the total number of individuals with ancestry o settled in county d at time ¢.
Lo _r(q),+ 1s the “push” factor that is the total number of immigrants from o at time 7 settled in
counties outside of the census division where d is located. I;ji% is the “pull” factor: that is, the
denominator shows the total number of immigrants in the United States at time 7 coming from
outside of the continent where o is located, whereas the numerator displays the total number of
immigrants in location d at time 7, again from outside of the continent where o is located.! Qo r(d)
and () 4 represent a series of country X destination census division and continent of origin X
destination county fixed effects. X (') 4 is a vector of the time-invariant distance and difference in
latitude controls between o and d. My identification strategy in this step allows me to estimate
equation (7) separately for each decennial census year between 1970 and 2010 utilizing all origin

countries and all destination counties in my sample.!” Finally, I obtain predicted ancestry stocks

as follows:

t
- o I—c 0),d,T
-Ao,d,t = Z Yr (Io,r(d),‘r I (©) > ) (8)

7=1860 —c(o),r
where 4, are the coefficients that I estimate from equation (7).

The following example provides some intuition. Using this approach, I predict a large stock
of ancestry from Mexico relative to other ancestry groups from the Americas to Los Angeles county
in the Pacific census division relative to other census divisions in the West in 1970 if the following
occur. First, a considerably large number of Mexicans migrate to the United States in 1910, into
census divisions excluding the Pacific census division in the West. Second, Los Angeles county is an
appealing destination to foreign immigrants from any origins excluding the Americas in 1910. This

method ensures that Mexican migrants with particular skill sets are left out to mitigate endogenous

sorting into destinations.

16See this website for the allocation of states to census divisions.

" The sample comprises 146 origin countries and 3,141 destination counties harmonized using the 1990-level country
and county definitions and borders.

18Note that I take the residuals of the interactions of push and pull factors with respect to all fixed effects and
controls included in equation (7) similar to Terry et al. (2021). This procedure is necessary to conclude that ./io’d,t
hinges solely on local variations in relative predicted ancestry stocks by eliminating any remaining confounding factors
between large and small counties as well as countries. This addresses the first threat, reverse causality, highlighted
in the text.
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On the other hand, had I used observed (realized) ancestry stocks in “push” and “pull”
factors without the “leave-out” element (as in the canonical shift-share approach), this would
induce a spurious correlation between the local ancestry composition and the outcomes owing to
the persistence in local productivity or amenity shocks. Such shocks attract immigrants with

different human-capital mixes, thereby inducing non-random destination choices.

3.3.2 Isolating Exogenous Population with Varying Levels of Educational Attainment

After predicting ancestry stocks, I proceed to the second step to isolate human-capital-specific
working-age population by county over the 1970-2010 period, which is a key contribution in my
identification strategy. To this end, I predict the total number of individuals with varying levels
of educational attainment, corresponding to low-, medium-, and high-skill types, in US counties
by utilizing the quasi-random variation in ancestry estimated in the previous step. Therefore, the

estimating equation takes the following form:
Ne,d,t = as(d) + o + Z Me,o * Ao,d,t + Ve dt, (9)
o

where N, 4, is the total number of individuals with educational attainment e residing in county d
at time f. a,g) and oy represent state and time fixed effects, respectively. flo,d,t is the predicted
ancestry stock obtained in equation (8). I estimate equation 9 for individuals with each educational
attainment separately. Finally, I obtain the main instruments for working-age population share with

human capital level e in county d at time ¢, n. 4, in equation (6) as follows:

Ne,d,t = Z ﬂe,o : Ao,d,t' (10)
0

These instruments address endogeneity in the skill-specific local working-age population by
exploiting exogenous variation from previously identified channels that shape local human capital.
The channels are (i) the heterogeneity in immigrants’ skills, comparative advantages, along with
occupational specialization, (ii) the transmission of human capital from historical immigration
to local population via persistence, and (ii7) the formation of of “ethnic enclaves” and “social

networks” induced by immigration.'®

9 Appendix Figures D.7, D.8, and D.9 illustrate the bivariate maps of endogenous human-capital-specific working-
age population shares, and Appendix Figures D.10, D.11, and D.12 display the bivariate maps of exogenous skill-
specific working-age population across US counties in 2010.
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A potential concern is that the instruments might capture the persistence of ethnic or cul-
tural traits, or simply reflect geographic patterns of historical immigrant settlement, rather than
differences in human capital. In this context, however, the interpretation is distinct: immigrant
groups arrived at different times and settled in different locations with markedly heterogeneous lev-
els of education, literacy, and occupational skills. For instance, Borjas and Katz (2007) document
that Mexican immigrants historically lagged in educational attainment relative to other groups,
contributing to persistent wage gaps. Similarly, 45% of Southern European and 33% of Eastern
European arrivals aged 14 and older were illiterate in 1899-1910 (Goldin, 1994). Linked census
records further show systematic, country-specific differences in initial occupation-based earnings,
with Southern and Eastern Europeans starting lower and Germans and Nordics closer to natives,
consistent with differential skill endowments rather than cultural assimilation (Abramitzky et al.,
2014). These historical patterns indicate that predicted ancestry captures the long-run transmis-
sion of human capital embedded in early settler populations, as opposed to cultural persistence or
spatial clustering.?’

Identifying Assumption. The advanced version of the SSIV design used in this study in the
spirit of Burchardi et al. (2019) addresses one of the key critiques for the conventional Card-type
instruments, which is serial correlation or autocorrelation among past and contemporaneous im-
migration stocks (Jaeger et al., 2018). As a remedy, this new method introduces the “leave-out”
component for both “push” and “pull” factors as explained in detail above. Hence, a sufficient con-
dition for the exogeneity of the constructed instruments rests on the assumption that the predicted

immigration stock, A, 4+, is exogenous in equation (6). Formally,

I
(IO,T(d),TIC("W) Lecgs Vo,r<t. (11)

_6(0)77—
In other words, any confounding factors that drive changes in the industrial skill composition of a
given county at time t (e.4:) do not systematically correlate with historical immigration from a

certain origin to other census divisions at time 7 (I, 07_r(d)7T) interacted with the share of immigrants

I*C(O),d,‘l’

from other continents in that county in the same year ( T > The exogeneity condition for

—c(0),T

these instruments aligns with the “shock orthogonality” condition outlined in Goldsmith-Pinkham

et al. (2020).%

20While cultural persistence may matter in other settings (Alesina and Tabellini, 2024; Gagliarducci and Tabellini,
2025), the channel here operates through inherited human capital differences. To address the concern that culture,
rather than human capital, drives the results, I present corroborating evidence in Section 5.

2!Note that this is a sufficient, but not a necessary, condition for instrument validity within the SSIV framework.
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The following example builds intuition for the plausibility of this assumption. Suppose that
agriculture, a low-skill (LS) industry, experiences a productivity shock in Kern county at time
t (ersKern,t), which draws in Mexican immigrants with a comparative advantage in agriculture
(IMewico,Kern,t)- A sufficient restriction for exogeneity to hold is that this confounding shock to-
gether with any other country-county-specific factors that attract immigrants and shape changes
in low-skill industries in that county does not affect the predicted ancestry from Mexico in Kern

county at time ¢, A, 4¢.

3.4 Instrument Validation Exercises and Instrument Performance

To assess the validity of the identification strategy, I use the following stacked reduced-form speci-

fication:

2010
std,pre Lrstd
Ay&d e = Cs(d) + Z Ne,d,twe,t + €e,d it (12)
t=1970

where Ayztg’p "“ is a pre-trend outcome (e.g., a standardized measure of the change in employment

share of each industry-skill type between 1940 and 1960 or a standardized measure of the change
in establishment share of each industry-skill type between 1960 and 1965). N it,j,t is a standardized
measure of a vector of exogenous population of medium- and high-skill types over the 1970-2010
period. The regressions are estimated for each decennial census year separately and include state
(@vs(q)) fixed effects.

The rationale behind this specification is to examine whether the vector of human-capital-
specific exogenous population, N ::ii,t’ is correlated with pre-trends.?? If the correlations between
them exist, then they would point to the likely violations of the identifying assumption laid out
above. In this light, 1., provide balance tests on pre-trends for each decade and probe whether
these violations are present.

Figures 1 and 2 display the results of these balance tests. All estimated coefficients are
close to zero and statistically insignificant, indicating the absence of systematic pre-trends in the

relationship between the instruments and the outcomes conditional on state fixed effects.?3 These

For both conditions, see (Borusyak et al., 2022, 2025).

22Gince my design leverages persistence in local human capital, balance is best assessed using pre-trends rather
than pre-period levels. In persistent settings, correlations between pre-study levels and the instrument are mechanical.
The relevant orthogonality restriction is that the instrument does not predict pre-period changes conditional on state
and time fixed effects.

23 Appendix Figures D.1 and D.3 provide additional balance tests.
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findings provide reassuring evidence that the ancestry-driven shift in human capital of local popu-
lation is uncorrelated with short- and long-run economic outcomes, an issue raised in Jaeger et al.
(2018).

Figure 3 displays binned scatter plots of residualized exogenous working-age population of
each human capital level plotted against residualized endogenous working-age population of each
human capital level. Conditional on state and time fixed effects, binned scatter plots demonstrate

that these variables are well-aligned.?*

4 Data

4.1 Sources

Ancestry. I use county-level data on ancestry stocks for 1970-2010 from Fulford et al. (2019).
I briefly summarize how they construct expected ancestry for each person and aggregate it into
population estimates to map the geographic distribution of ancestry. They build ancestry distri-
butions at both national and county levels using census micro-samples for each decade from 1850
to 2010. The expected ancestry for first-generation immigrants is based on their countries of birth.
For their US-born children (i.e., second-generation immigrants), ancestry depends on the parents’
birthplaces. Additionally, ancestry is traced through parents’ birth states or respondents’ own
counties of residence, capturing internal migration and inter-generational transmission. For later
generations, expected ancestry shares are constructed from past ancestry shares, reflecting how
they evolve as internal migrants relocate and pass their ancestries to their children. In my sample,
I harmonize all counties and county groups to 1990 boundaries for consistency across decennial
census years.2"

This approach emphasizes genealogical reconstruction by accounting for internal migration,
generational transmission, and differential group growth. In contrast, studies using self-reported
ancestry in the census since 1980 capture the changing nature of ethnic identity as a social construct.
Immigration. I utilize data on immigration obtained from the individual decadal census files of
the Integrated Public Use of Microdata Series (IPUMS USA and NHGIS: Ruggles et al., 2022;
Manson et al., 2022) samples from 1850-2000 as well as the 2006-2010 five-year sample of the

22 Appendix Table C.1 further provides the first-stage regression estimates. Formally, I estimate the following
first-stage equation: ne,q,: = gy + o + Neathe + Eea e

25The crosswalk files come from Burchardi et al. (2019) and Eckert et al. (2020). See Appendix B for additional
details.
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American Community Survey (ACS). I weigh observations by the person weights in these sources.
My dataset on immigration covers 3,141 US counties, 146 foreign countries, and 15 census waves. 1
provide additional details on the construction of immigration stock data in subsection B.1 of Data
Appendix.

Working-Age Population, Employment, and Establishments. I acquire data on working-
age population and employment at the county level using the individual census rounds from 1970-
2000, and the 2006-2010 five-year waves. I define working-age population as individuals aged 16
to 64. As before, I weigh observations by the person weights. I obtain data on the number of
establishments at the county level from the 1970-2010 extracts of the County Business Patterns
(CBP) data published by the Census Bureau. I supplement these data with those compiled in Eckert
et al. (2020, 2022). The Census Bureau defines an establishment as a single physical location where
services and production activities are undertaken.?® I provide additional details on the constructions
of working-age population, employment, and establishment data in subsections B.2, B.3, and B.4

of Data Appendix, respectively.

4.2 Skills, Human Capital, and Tradability Classification

A central component of my analysis is to allocate industries into skill cells. For this purpose, 1
construct the industry-based continuous skill measure in the following steps. First, I create an
education variable and assign values to it based on the educational attainment (years of education)
of each individual. Second, I aggregate the 1990-level census industry codes to a balanced panel of
industries utilizing an industry concordance generated in Autor et al. (2019). Finally, I calculate
mean education for workers employed by each industry in the balanced panel in each census year.
I define industries with average years of education corresponding to a high school degree and less
as low skill, those with average education corresponding to some college degree as medium skill,
and those with mean education comparable to college degree and more as high skill. Appendix
Tables C.2, C.3, and C.4 present the industry-skill classifications for low-, medium-, and high-skill,
respectively.

Classifying working-age individuals by human capital is identical to the procedure described
above. Following the task-based framework (Autor et al., 2003), I classify labor into low-, medium-,
and high-skill categories. High-skill workers perform abstract, capital-complementary tasks, while

medium-skill workers are more concentrated in routine occupations subject to substitution (Goos

26 An establishment is not necessarily identical to a firm or enterprise, which may own one or more establishments.
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and Manning, 2007). Collapsing medium and high-skill into a single group would mask this het-
erogeneity.

Since tradability shapes how local shocks transmit, with nontradables absorbing local de-
mand and tradables facing global competition, I also group industries into tradable and nontradable
sectors. I classify agriculture, mining, and manufacturing industries as tradable, whereas I cate-
gorize all service industries as nontradable similar to the classification scheme in Burstein et al.
(2020). Appendix Tables C.5 and C.6 present tradable and nontradable sectors, while Appendix

Tables C.7, C.8, and C.9 show the skill classification across these sectors.

4.3 Summary Statistics

Table 1 reports summary statistics. Panel A shows substantial variation in the skill distribution of
working-age population shares and in mean education levels across counties. Most working-age in-
dividuals hold a high school degree or less, a quarter have some college education, and the remainder
possess a college degree or higher. Panel B presents employment and establishment shares, as well
as the mean education of workers across industries, used in the baseline and tradability analyses.
The distribution of employment and establishment shares in medium-skill industries is sim-
ilar; however, a relatively larger share of workers are employed in low-skill industries, while estab-
lishments are relatively more concentrated in high-skill industries. Employment and establishment
shares in low-gkill industries are comparable across tradable and nontradable sectors, but most
workers and establishments are concentrated in medium- and high-skill nontradable industries. Al-
though the mean education of medium-skill workers is similar across both sectors, workers in low-
and high-skill nontradable industries tend to have slightly more schooling than those in correspond-

ing tradable industries.

5 Results

In this section, I present my empirical findings by exploiting exogenous working-age population
of each human capital level to explore the causal impacts of population shares on employment
and establishment shares of industries across counties in the baseline and tradability analyses.
Furthermore, I implement a heterogeneity analysis across major industries along with establishment
size domains and probe the robustness of my baseline estimates on a series of checks. All regressions

include state and time fixed effects to absorb time-invariant differences across states and common
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aggregate shocks, allowing identification to come from within-state, cross-county variation over
time. Standard errors are clustered at the county level to control for serial correlation within
counties across years in all specifications, which is the level at which the treatment varies. Clustering
at a higher level (e.g., by state) would be overly conservative given the limited number of states

and the sub-state variation exploited in the analysis.

5.1 Baseline Analysis: Employment and Establishment Shares

Prior to the causal results, I report OLS estimates in Table 2 presenting the associations between
population shares and employment shares in Panel A and establishment shares in Panel B based
on estimating equation (6). The OLS estimates of medium- and high-skill population shares on
employment and establishment shares of all industry-skill types are statistically significant. These
results, however, reflect only correlations between the endogenous distribution of human capital
and the industrial skill composition of counties rather than causal effects.

Table 3 reports IV estimates for the impacts of population shares on employment shares in
Panel A and on establishment shares in Panel B. Endogenous medium- and high-skill population
shares are instrumented with exogenous population of corresponding human capital levels as de-
scribed in Section 3. All Anderson-Rubin Wald F-test p-values for the statistically significant point
estimates are around 0%, suggesting that endogenous population shares are jointly significant, and
that my instruments, exogenous population of given human capital levels, are valid. The table
also presents Sanderson-Windmeijer first-stage F-statistics for each endogenous variable, which are
sufficiently greater than the conventional threshold.?”

In particular, I find that, relative to low-skill population share, a one-percentage-point in-
crease in medium- and high-skill population shares leads to a decrease in employment share of
low-skill industries by 0.39 and 0.32 percentage points, respectively. By contrast, this increase
results in a rise in employment share of high-skill industries by corresponding 0.18 and 0.54 per-
centage points. Additionally, a one-percentage-point rise in medium-skill population share boosts
employment share of medium-skill industries by 0.21 percentage points, while a rise in high-skill
population by the same magnitude reduces employment share of those industries by 0.23 per-
centage points. One can observe similar patterns across the estimates for establishment shares.

Specifically, establishment share of low-skill industries drops by 0.75 and 0.11 percentage points as

2TThe Sanderson-Windmeijer F-statistics provide a measure of instrument relevance in models with multiple en-
dogenous regressors, testing the joint significance of the excluded instruments for each endogenous variable conditional
on the others (Sanderson and Windmeijer, 2016).
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medium- and high-skill population shares grow by a one percentage point. Conversely, establish-
ment share of high-skill industries increases by 0.96 and 0.33 percentage points in response to a
one-percentage-point increase in medium- and high-skill population shares. A one-percentage-point
increase in high-skill population share leads to a 0.18 percentage points decline in establishment
share of medium-skill industries.

Taken together, these empirical findings are in line with the model predictions introduced
in Section 2. First, both employment and establishment shares of high-skill industries respond
positively to a rise in medium- and high-skill population shares. This is equivalent to white-collar
firms increasing their labor demand share for high-skill labor supply share due to their comparative
advantage in employing high-skill labor more intensively.?® Second, a rise in medium- and high-
skill population shares reduces employment and establishment shares of low-skill industries. This
corresponds to blue-collar firms having comparative advantage in using low-skill labor more inten-
sively while employing high-skill labor less intensively. The relative magnitudes of these effects are
consistent with a moderate elasticity of substitution between high- and low-skill labor, indicating
that firms can partially substitute across skill types but that imperfect substitutability amplifies
reallocation across industries.

To compare the establishment estimates, Sequeira et al. (2020) show that the aggregate
establishment share rose in response to higher average immigrant shares during the Age of Mass
Migration. Moretti (2004) finds that increases in the local share of college-educated workers lead
to larger productivity gains for firms in cities. In a related study, Shapiro (2006) shows that
most of the growth in urban employment of college graduates is explained by the improvement in
productivity. Consistent with these findings, my estimates demonstrate that exogenous increases
in county human capital reallocate establishments towards high-skill industries, raising the demand
for high-skill labor. While these studies focus on productivity or aggregate employment effects, my
analysis emphasizes compositional changes in industry structure, identifying how shifts in human
capital supply reshape the distribution of establishments across industries differentiated by skill

intensity.

28 Although the theoretical framework introduces only two types of labor (low and high skills), the model predictions
can be extended to a setting that includes a third type, medium skill, in addition to the existing two.
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5.2 Tradability Analysis: Employment and Establishment Shares

The theory and empirical evidence in the existing literature suggest that local labor supply shocks
generate heterogenous adjustments across firms, occupations, and industries (Acemoglu, 2011; Dia-
mond, 2016; Burstein et al., 2020). Motivated by this, I distinguish between tradable and nontrad-
able industries to capture heterogeneous adjustment margins. Nontradable industries are inherently
local, with employment responding to shifts in local demand and supply, while tradable industries
can reallocate across regions or absorb shocks through domestic and global markets. Failing to
separate the two obscures these mechanisms.?? In this subsection, I present my results pertinent
to the effects of working-age population shares of all human capital levels, instrumented similarly
as before, on the outcomes of interest in the tradable and nontradable sectors. I include state and
time fixed effects and cluster standard errors by county in all specifications.

Table 4 reports the regression results of how population shares affect employment shares in
the tradable and nontradable sectors in Panels A and B, respectively. The positive baseline effects
originate in the nontradable sector, whereas the tradable sector absorbs the adverse impacts. Higher
medium- and high-skill population shares lead to substantial declines in employment share of low-
skill tradable industries, but sizable increases in employment share of nontradable industries of the
corresponding skill types. In addition, a larger high-skill population share reduces employment
share of medium-skill tradable industries, while modestly raising high-skill tradable employment
share. Finally, an increase in high-skill population share has a small negative effect on low-skill
nontradable employment share.

Table 5 presents the effects of population shares on establishment shares in the tradable and
nontradable sectors in Panel A and Panel B, respectively. Relative to the baseline, the negative
effects are concentrated in the tradable sector, while the positive effects arise in the nontradable
sector. Higher medium- and high-skill population shares substantially reduce establishment share
of low-skill tradable industries, and moderately lower share of high-skill tradable industries. By
contrast, increases in medium- and high-skill population shares produce large gains in establishment
share of high-skill nontradable industries. An increase in the high-gkill population share slightly
reduces the shares of high-skill tradable and low-skill nontradable industries. The positive effect
of a larger medium-skill population share on low-skill nontradable establishments and the negative

effect of a larger high-skill population share on medium-skill nontradable establishments are similar

29This distinction is standard in the literature on local labor markets and trade (Autor and Dorn, 2013; Mian and
Sufi, 2014).
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in magnitude, while the adverse effect on low-skill nontradable establishments is modest.

Overall, my findings show that nontradable industries expand when local medium- and high-
skill labor rises, consistent with nontradables being locally consumed and adjusting to stronger local
demand (Moretti, 2010; Mian and Sufi, 2014). In contrast, tradable industries contract, reflecting
exposure to national and international competition and the fact that local labor-supply shocks are
absorbed through cross-regional reallocation or reduced local competitiveness (Autor and Dorn,
2013). In short, positive adjustments occur in nontradables, where local demand absorbs and
amplifies the gains from a more skilled workforce. However, negative adjustments concentrate in
tradables, where competitive pressures transmit the costs of relative scarcity in low-skill labor.
This pattern is consistent with the mechanism: industries differ in productivity across labor types,
and whether those shifts translate into local expansion or external adjustment depends on sector

tradability.

5.3 Employment Heterogeneity by Nativity

I isolate exogenous, human-capital-specific shifts in local population using quasi-random variation
in the ancestral composition of counties. The identification relies on the inter-generational transmis-
sion of human capital and knowledge discussed in Section 3, and it captures the long-run variation
in embedded human capital across ancestry groups. Accordingly, the estimates can be interpreted
as reduced-form effects of ancestry-driven shifts in local human capital endowments.

While the design of my instruments does not directly permit separating individuals by
nativity, I next assess whether these ancestry-induced variation in local human capital affect both
native and immigrant workers. Appendix Table C.10 reports the results for native employment
shares in Panel A and immigrant employment shares in Panel B. The coefficients indicate that both
groups respond, but the effects are more pronounced for immigrants. This pattern suggests that
local reallocation occurs more strongly along immigrant-intensive margins with higher adjustment
elasticity, consistent with greater mobility, stronger industry networks, and faster occupational
transitions among immigrant workers. Although the instrument derives from historical immigration
patterns, the larger immigrant response reflects contemporaneous labor-market adjustment rather

than mechanical relabeling of naturalized immigrants as “native.”
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5.4 Employment and Establishment Heterogeneity by Industry

The existing literature documents that historical events can generate both short-run and long-
run changes in sectoral structure, industrialization, and local labor markets (Peters, 2022; Droller,
2018; Rocha et al., 2017). Guided by this evidence, I examine how exogenous shifts in local human
capital reallocate employment and establishment shares across major industries. In this subsection,
I report industry-level results without disaggregating by skill.30 All specifications include state and
year fixed effects, and standard errors are clustered by county.

Appendix Figure D.3 plots the coefficients for employment in Panel A and establishment
shares in Panel B. The findings reveal that in medium- and high-skill population shares raise the
services share on both margins and reduce the shares of mining and manufacturing (and agriculture
for employment). These patterns are consistent with the sectoral reallocation toward skill-intensive
industries and mirror the tradability results: nontradables expand with local skill and demand,
while tradables contract or reallocate. This sectoral reallocation aligns with US evidence that local
demand and skill shifts tend to pull activity towards services and other nontradables and away
from manufacturing (Moretti, 2010; Autor and Dorn, 2013; Notowidigdo, 2020; Mian and Sufi,
2014). In contrast to Peters (2022), who studies a German refugee shock that raises manufacturing
and lowers agriculture, my estimates point to a services-intensive adjustment consistent with the

nontradable expansion documented above.

5.5 Establishment Heterogeneity by Size

In this subsection, I examine heterogeneity by establishment size for all industries and separately for
tradable and nontradable sectors. The goal is to identify which establishments are most affected
by the ancestry-driven exogenous shift in local human capital, and whether this translates into
additional industry—skill reallocation across size classes. Following the literature, I define small
establishments as employing fewer than 20 workers, medium as 20-500, and large as more than
500 workers.?! As before, I instrument endogenous skill-specific population shares with exogenous
populations at corresponding human-capital levels. All specifications include state and year fixed
effects, and standard errors are clustered by county.

Establishments in All Industries. Appendix Table C.11 reports the regression results showing

30Given limitations in the coverage of agricultural establishments in the CBP over the study period, I exclude
agriculture from the analysis.
31For a similar classification, see Olney (2013).
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how local population shares affect the distribution of small, medium, and large establishments
across all industriy-skill types in Panels A, B, and C, respectively. The estimates demonstrate that
the negative impacts of medium- and high-skill population shares are primarily absorbed by small
establishments in low- and medium-skill industries, followed by medium-sized establishments in low-
skill industries. However, medium-sized establishments in medium- and high-skill industries capture
the positive effects of these population shifts, with stronger responses in medium-skill sectors.
The estimates for large establishments are less precise, suggesting that they are less responsive
to local human capital shocks. Taken together, the results show that establishment responses to
human capital shocks are heterogeneous across both firm size and industry-skill types. Consistent
with evidence from firm-dynamics models emphasizing differential adjustment costs and entry—exit
responses across establishment sizes (Hopenhayn, 1992; Haltiwanger et al., 2013), the reallocation
patterns observed here suggest that small and medium-sized establishments drive most of the
compositional adjustment following local human capital shocks.

Establishments in the Tradable and Nontradable Sectors. Appendix Tables C.12 and
C.13 present the responses of small, medium, and large establishment shares in the tradable and
nontradable sectors to population shares in Panels A, B, and C, respectively. The estimates in
Appendix Table C.12 for the tradable sector show that the negative effects of population shares
on establishment share of low-skill industries reported in the baseline findings are almost entirely
driven by small establishments, while the coefficients for medium and large establishments are
imprecisely estimated. The estimated coefficients in Appendix Table C.13 for the nontradable
sector reveal that the adverse impacts of high-skill population shares on low- and medium-skill
industries are similarly concentrated among small establishments. In contrast, the positive effects
of population shares on establishment shares in medium-skill industries are primarily accounted
for by medium-sized establishments. These patterns align with the evidence mentioned above that
smaller establishments are the most responsive margin of adjustment to local labor market shocks,
while sectoral reallocation between tradable and nontradable activities serves as a key channel

through which local economies absorb such shifts.

6 Robustness

I implement a battery of sensitivity checks and show that my results are robust to (i) an alterna-

tive construction of the shift-share instruments, (i7) various sample selections, (iii) an alternative
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tradability classification, (iv) randomization inference, and (v) permutation tests.

Alternative Instruments/Exogenous Population of Different Human Capital Levels.
To assess the persistence and robustness of the main results, I examine whether ancestry-induced
exogenous shifts in local human capital have had lasting effects on the industrial skill composition
across US counties. This exercise sheds light on how historical shocks continue to shape local labor
market structures. I predict ancestry stocks from 1970 to 2010 while restricting the push and pull
factors to the 1860-1900 and 1860-1950 periods in separate specifications.?? Using these predicted
ancestry stocks, I isolate human-capital-specific exogenous local population shares following the
baseline approach. Appendix Tables C.14 and C.15 present the corresponding regression results for
employment and establishment shares in Panels A and B, respectively. The coefficient estimates
across both periods closely resemble those in the baseline analysis, suggesting that the results are
not sensitive to the historical window used to construct the instruments.

Overall, these findings point to two conclusions. First, historical immigrant settlement pat-
terns have left lasting imprints on local labor markets through long-term human capital transmis-
sion. Second, the main results remain robust to alternative definitions of the immigration period.
The comparability of the coefficients across these windows shows that the relationship between past
immigrant settlement and today’s industrial structure reflects persistent, deep-rooted channels of
human capital transmission rather than artifacts of a particular historical period.

Various Sample Selections. Another concern is that the baseline estimates could be driven
by the largest ancestry groups or counties that historically received the most immigrants. To
ensure robustness to their exclusion, I conduct two exercises. First, I omit the five largest ancestry
groups when isolating the human-capital-specific exogenous population and re-estimate the baseline
regressions. Second, I exclude the five largest immigrant-receiving counties when constructing the
instruments and repeat the analysis.>> Appendix Tables C.16 and C.17 present the corresponding
regression results, showing that the estimates remain highly consistent with the baseline results.

Alternative Tradability Classification. Next, I employ an alternative measure of tradability by
re-classifying industries into tradable and nontradable sectors. The goal is to assess the sensitivity
of the baseline estimates to the choice of classification. I adopt the industry tradability measure

proposed in Mian and Sufi (2014), which is based on geographical Herfindahl-Hirschman Indices

32These periods roughly correspond to the Age of Mass Migration.
33The five largest ancestry groups are English, German, Irish, Italian, and Mexican, while the five largest desti-
nations are Los Angeles, Cook, Harris, Miami-Dade, and Kings counties.
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(HHIs); industries that are more geographically concentrated are considered more tradable.>* Ap-
pendix Tables C.18 and C.19 report the effects on employment and establishment shares using this
alternative measure. On the whole, the estimated coefficients remain broadly consistent with the
baseline results, indicating that the findings are not sensitive to the tradability classification.
Baseline Model with Controls. A natural concern raised in Section 3 is that predicted ancestry
composition may capture persistence in cultural factors rather than human capital. To address
this, I augment the baseline model with a full set of pre-period controls, including (i) newspaper
issues in 1800-1950 per 1950 county population (Library of Congress, 2025), (ii) average shares
of Catholics and Protestants in 1936-1952 (Department of Commerce and Labor, Bureau of the
Census, 1940; National Council of Churches, 1956), (iii) average shares of votes for Democratic
candidates in 19201960 presidential elections (CQ Press, 2025)3°, (iv) employment share in mining
and manufacturing in 1950, and (v) urban population share in 1950 (both from the Census). If
cultural persistence were driving the baseline results, the coefficients would attenuate toward zero
and lose significance; however, Appendix Table C.20 shows that the signs and magnitudes of the
estimated coefficients remain close to the baseline estimates and are statistically significant, which
mitigates the concern that the cultural channel dominates the human capital mechanism.
Randomization Inference. An over-rejection problem originating from conventional shift-share
instruments has been discussed in Adao et al. (2019). If two counties with similar historical im-
migration distribution also experience similar exposure to other unobservable economic forces, the
isolation of population instruments for all skill types may not be exogenous. This may be because
conventional clustered standard errors may not capture a dependency across regression residuals.
Hence, I follow the procedure described in Adao et al. (2019) (“AKM” standard error correction”)
and randomly construct a placebo population instrument for each skill type as follows. First, I
randomly generate predicted ancestry stocks for each country-region-time triplet (instead of each
country-county-time triplet as in the main instruments). Later, I isolate human-capital-specific
population relying on randomly generated predicted ancestry stocks. I then run 1,000 placebo
first-stage regressions of endogenous population share of each skill type on a randomly generated
placebo instrument of each skill type. I also run the relevant reduced-form regressions for employ-
ment and establishment shares. Appendix Table C.21 presents the results and reports the fraction

for which I reject the null hypothesis of “no effect” at the 1% level of statistical significance. Since

34Gee Appendix Table I in the online appendix of their paper for the full classification scheme.
35T am thankful to Tiffany Ho for kindly sharing this dataset.
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I find a false rejection rate of 0%, I conclude that my skill-specific population instruments are or-
thogonal to any confounding forces, and confirm that my inferences based on conventional clustered
standard errors are valid.

Permutation Tests. To rule out spurious correlation between the instrument and unobserved
local trends, I implement permutation tests. I randomly re-assign the instruments within various
sets of observations including (i) within the entire sample, (i) within census year ¢, and (i)
within census year t and division r(d). For each design, I perform 1,000 placebo runs and plot
the distribution of the estimated coefficients. Appendix Figure D.4 displays density plots of the
first-stage permutation estimates, and Appendix Figures D.5 and D.6 illustrate density plots of the
reduced-form permutation estimates for employment and establishment shares. Across all versions,
I find no statistically significant effects for either first-stage or reduced-form estimates. All placebo
distributions are tightly centered at zero and lie far from the baseline estimates, in that the implied

one-sided permutation p-values are less than 0.01, supporting the credibility of the design.

7 Conclusion

There are sizable differences in the skill distribution of industries across the United States. These
differences may arise from technological change, job polarization, and local demand shocks. How-
ever, the role of human capital in shaping this distribution remains less understood. This paper
examines how ancestry-induced exogenous shifts in the human capital composition of local pop-
ulations affect the industrial skill structure of employment and establishment shares across US
counties.

To address endogeneity in human capital, I employ a two-step empirical strategy. First,
I predict ancestry stocks using a leave-out push—pull approach within a shift—share instrumental
variable framework. Second, I exploit this quasi-random variation to isolate exogenous shifts in
the skill-specific local working-age population. A simple CES model with two firm types, each
specializing in either high- or low-skill labor, guides the empirical analysis and predicts differential
labor demand responses to changes in the supply of skill groups.

The results show that increases in medium- and high-skill population shares raise employ-
ment and establishment shares of high-skill industries while reducing those of low-skill industries.
These patterns are consistent with firms adjusting production towards sectors that use the in-

creasingly abundant skill type more intensively. Moreover, the nontradable sector absorbs most of
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the positive effects, reflecting stronger local demand for skill-intensive services, while the tradable
sector experiences relative contraction due to declining competitiveness in low-skill activities.

The findings carry important implications for workforce and regional development policy.
Efforts to attract firms or foster local industrial growth should account for the composition of the
local labor force rather than focusing solely on its magnitude. Policies that strengthen the alignment
between local skill supply and industry demand (for instance, through targeted training, re-skilling
programs, or regional education initiatives) can enhance employment growth and encourage firm
formation. By contrast, neglecting mismatches between workforce composition and firm needs may
amplify spatial disparities in economic opportunity.

Future research could build on these results by examining how skill-driven reallocation across
industries affects firm productivity, wage inequality, or local innovation capacity. Such extensions
would help clarify whether the reorganization of industries in response to shifts in human capital

merely redistributes activity or also raises aggregate efficiency and long-run growth potential.
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Balance Test for the Change in Low-Skill Employment Share in 1940-1960 Balance Test for the Change in Medium-Skill Employment Share in 1940-1960
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Figure 1: BALANCE TESTS: THE CHANGES IN EMPLOYMENT SHARES IN 1940-1960
Notes: These figures display the results of the balance tests specified in equation (12). Coefficients report the effect
of a one-standard-deviation increase in each instrument, human-capital-specific exogenous population, over the 1970-
2010 period on a standardized measure of the changes in low- and medium-skill employment shares between 1940
and 1960. All regressions include state fixed effects, and standard errors are clustered by county for all specifications.
Whiskers indicate 95% confidence intervals computed using standard errors clustered by county.
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Balance Test for Low-Skill Establishment Share in 1960-1965 Balance Test for Medium-Skill Establishment Share in 1960-1965
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Balance Test for High-Skill Establishment Share in 1960-1965

254

-25+

1970 1980 1990 2000 2010

[® Medium-Skill Instrument Point Estimate 4 High-SkillInstrument Point Estimate |

Figure 2: BALANCE TESTS: THE CHANGES IN ESTABLISHMENT SHARES IN 1960-1965
Notes: These figures display the results of the balance tests specified in equation (12). Coeflicients report the
effect of a one-standard-deviation increase in each instrument, human-capital-specific exogenous population, over the
1970-2010 period on a standardized measure of the changes in low-, medium-, and high-skill establishment shares
between 1960 and 1965. All regressions include state fixed effects, and standard errors are clustered by county for all
specifications. Whiskers indicate 95% confidence intervals computed using standard errors clustered by county.
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Figure 3: FIRST-STAGE RELATIONSHIP
Notes: These figures display binned scatter plots of the first-stage estimates, whereby residualized exogenous working-
age population of each human capital level constructed in equation (10) is plotted against residualized endogenous
working-age population of each human capital level. Residuals of each variable have been obtained conditional on
state and time fixed effects. The number of bins has been fixed at 500. The figures have been plotted using the
“pinsreg” package in Stata (Cattaneo et al., 2024).
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Table 1: SUMMARY STATISTICS

Low Skill Medium Skill High Skill
(1) (2) (3)

Panel A: Population

Working — Age Population Shareeq; (%) 59.57 25.61 14.73
(13.29) (8.00) (6.68)

Mean Education,q; 10.80 13.55 16.77
(0.63) (0.11) (0.19)

Panel B: Industry

Baseline

Employment Sharee q+ (%) 31.79 45.99 22.22
(25.53) (17.13) (11.75)

Establishment Sharec gt (%) 23.98 44.09 31.82
(20.16) (15.15) (16.18)

Mean Education,q; 11.41 12.76 14.82
(0.46) (0.14) (0.14)

Tradable Sector

Employment Sharee q+ (%) 17.69 12.36 0.70
(13.75) (7.95) (1.34)

Establishment Sharec g (%) 11.10 9.56 2.44
(19.97) (13.54) (5.36)

Mean Education,q; 11.27 12.62 14.44
(0.54) (0.22) (0.21)

Nontradable Sector

Employment Sharee q+ (%) 15.15 31.61 22.49
(13.20) (10.67) (10.59)

Establishment Sharec qt (%) 14.68 31.59 30.62
(11.55) (14.06) (16.84)

Mean Educatione gt 11.56 12.82 14.86
(0.39) (0.12) (0.16)

N 15,705 15,705 15,705

Notes: This table presents the mean, standard deviation (in parentheses), and the number of observations
for both independent and dependent variables of all skill types (e) at the county (d) level for the decennial
1970-2010 period (t). Panel A displays the human-capital-specific variables. The working-age population
share variable of each skill type at the county level in a certain decennial census year equals the number of
working-age individuals with a given mean education level by county relative to total county population
in that year. The employment share variable of each skill type at the county level in a given census
year represents the number of workers of each skill type by county relative to the entire workforce in
that county and census year. The establishment share variable of each skill type at the county level in a
certain year is normalized by the total number of establishments by county in that year. Panel B reports
the industry-skill-specific variables utilized in the baseline and tradability analyses. The determinant of
the continuous skill measure corresponds to mean education of workers employed by each industry in
each year. The measure of tradability is based on Burstein et al. (2020). The tradable sector includes
the agriculture, mining, and manufacturing industries, whereas the nontradable sector covers all services
industries. The employment share variable of each skill type in each sector and census year is normalized
by the entire workforce in each sector and year. The establishment share of each skill type in each sector
and year is normalized by the total number of establishments in each sector and year.

39



Table 2: OLS ESTIMATES OF EMPLOYMENT AND ESTABLISHMENT SHARES

Low Skill Medium Skill High Skill
(1) (2) (3)
Panel A: Employment Shares
Population Sharepss 4. -0.610*** 0.548*** 0.062***
(0.016) (0.022) (0.015)
Population Shareps iy -0.362*** -0.227%** 0.588***
(0.009) (0.014) (0.011)
R? 0.973 0.913 0.943
Panel B: Establishment Shares
Population Sharenrs,at -0.145*** 0.086** 0.059**
(0.039) (0.036) (0.030)
Population Shareps -0.270*** -0.300*** 0.565***
(0.019) (0.019) (0.021)
R? 0.310 0.064 0.454
N 15,705 15,705 15,705
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table reports the OLS results of estimating equation (6). The dependent vari-
ables are employment and establishment shares of each industrial skill type at the county
level in separate specifications as displayed in Panels A and B, respectively. The independent
variables are medium- and high-skill working-age population shares at the county level. All
regressions include state and time fixed effects. Standard errors are clustered by county for
all specifications, and *, ** and *** denote statistical significance at the 10%, 5%, and 1%

levels, respectively.
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Table 3: IV ESTIMATES OF EMPLOYMENT AND ESTABLISHMENT SHARES

Low Skill Medium Skill High Skill
(1) (2) (3)
Panel A: Employment Shares
Population Shareps q.t -0.389*** 0.212*** 0.177**
(0.047) (0.059) (0.036)
Population Shareps 4. -0.315%** -0.229*** 0.544***
(0.022) (0.027) (0.020)
AR Wald F-Test P-value 0.000 0.000 0.000
Panel B: Establishment Shares
Population Sharenrs,q. -0.745*** -0.056 0.955***
(0.135) (0.133) (0.114)
Population Shareps,a. -0.110* -0.175%** 0.331**
(0.065) (0.061) (0.055)
AR Wald F-Test P-value 0.000 0.006 0.000
SW First-Stage F-Stats 133; 364 133; 364 133; 364
N 15,705 15,705 15,705
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table reports the IV results of estimating equation (6). The dependent variables
are employment and establishment shares of each industrial skill type at the county level
in separate specifications as displayed in Panels A and B, respectively. The independent
variables are endogenous medium- and high-skill working-age population shares instrumented
with medium- and high-skill exogenous working-age population at the county level. Each
specification presents the p-value for the Anderson-Rubin Wald F-test and the Sanderson-
Windmeijer F-statistic for each endogenous variable. All regressions include state and time
fixed effects. Standard errors are clustered by county for all specifications, and *, ** and ***
denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table 4: EMPLOYMENT ESTIMATES IN THE TRADABLE AND NONTRADABLE SECTORS

Employment Shares
All Low Skill Medium Skill High Skill

(1) (2) (3) (4)
Panel A: Tradable Sector
Population Sharens,dt -0.444***  -0.473*** 0.020 0.011
(0.076) (0.062) (0.035) (0.012)
Population Sharegs -0.601***  -0.290*** -0.343*** 0.035"**
(0.035) (0.029) (0.020) (0.006)
AR Wald F-Test P-value 0.000 0.000 0.000 0.000
N 15,705 15,705 15,705 12,564
Panel B: Nontradable Sector
Population Shares,q. 0.444*** 0.015 0.246*** 0.183***
(0.076) (0.030) (0.051) (0.038)
Population Sharegs 0.601***  -0.060*** 0.100*** 0.561***
(0.035) (0.014) (0.025) (0.021)
AR Wald F-Test P-value 0.000 0.000 0.000 0.000
N 15,705 15,705 15,705 15,705
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Notes: This table reports the IV results of estimating equation (6). The dependent variables are
employment shares of each industrial skill type in the tradable and nontradable sectors at the county
level in separate specifications as displayed in Panels A and B, respectively. The independent variables
are endogenous medium- and high-skill working-age population shares instrumented with medium- and
high-skill exogenous working-age population at the county level. Each specification presents the p-value
for the Anderson-Rubin Wald F-test. All regressions include state and time fixed effects. Standard
errors are clustered by county for all specifications, and *, ** and *** denote statistical significance at
the 10%, 5%, and 1% levels, respectively.
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Table 5: ESTABLISHMENT ESTIMATES IN THE TRADABLE AND NONTRADABLE

SECTORS

Establishment Shares

All Low Skill Medium Skill High Skill
(1) (2) (3) (4)
Panel A: Tradable Sector
Population Sharens q -1.030***  -0.927*** -0.061 -0.042
(0.172) (0.140) (0.094) (0.045)
Population Sharems -0.181** -0.109* 0.005 -0.077**
(0.074) (0.064) (0.043) (0.021)
AR Wald F-Test P-value 0.000 0.000 0.716 0.000
Panel B: Nontradable Sector
Population Sharenrs,dt 1.030***  0.204*** -0.133 0.960***
(0.172) (0.066) (0.103) (0.115)
Population Sharems,qt 0.181*  -0.098*** -0.205*** 0.484***
(0.074) (0.030) (0.047) (0.054)
AR Wald F-Test P-value 0.000 0.000 0.000 0.000
N 15,705 15,705 15,705 15,705
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Notes: This table reports the IV results of estimating equation (6).

The dependent variables are

employment shares of each industrial skill type in the tradable and nontradable sectors at the county
level in separate specifications as displayed in Panels A and B, respectively. The independent variables
are endogenous medium- and high-skill working-age population shares instrumented with medium- and
high-skill exogenous working-age population at the county level. Each specification presents the p-value
for the Anderson-Rubin Wald F-test. All regressions include state and time fixed effects. Standard
errors are clustered by county for all specifications, and *, **, and *** denote statistical significance at

the 10%, 5%, and 1% levels, respectively.
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A Model Derivations

This appendix presents the full derivations of the equilibrium allocations described in Section 2.
Let Np, and N; represent the total labor supplies of high- and low-skill workers, respectively. Each
representative firm i € {b, w} produces output @); according to a constant elasticity of substitution

(CES) production function given by
o=1 o=1\ 521
Qi = <6¢,hLi,g + Ly ) : (A.1)

where o > 1 denotes the elasticity of substitution between high- and low-skill labor inputs, and
Bin and B;; represent relative productivity parameters for each labor type within firm . The
productivity parameters differ across firm types such that 8,5, > By, and By; > By, with §; 5, +
Biy = 1. Within each firm, white-collar firms employ high-skill labor more intensively (Byn > Buw.1),
whereas blue-collar firms rely more heavily on low-skill labor (8,; > B 1)

Each representative firm maximizes profits subject to the aggregate labor-supply constraints:

max  {Q; —wpLlip —wilig}
L n,Liy

s.t. Lb,h + Lw,h = Np, (AQ)

Ly;+ Ly = Ny,

where wy, and w; denote the common wages for high- and low-skill workers across firms.
First-order conditions for both types of labor demanded by each firm yield the following

equilibrium allocations:
- NZB;1 — thil

Lb,l = B_1 _ B_1 ) (A3)
w b
N,B; ' — Nz}
Lw,l = B_l — B_1 ) (A4)
b w
NyBy,, — NiZ
Lyp=——— A5
b,h Bw — Bb 3 ( )
NyBy, — N Z
I A6
w,h Bb — Bw 3 ( )

where

o o o _ Qo ﬁ
B (B, um (1) 2o ()
/Bbyh ﬂw,h w,h - /Bb,h
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These two firms hire the same skill types in a perfectly competitive labor market, whereby
wages are common across sectors as stated above. Perfect competition implies zero profits, in
which each firm’s unit cost equals its price. Z is, therefore, defined as the unit-cost equality that
pins down the equilibrium wage ratio. Consequently, the Lagrange multipliers in the firms’ profit
maximization problems coincide with these common wages.

Let industry-level labor-demand shares, i.e., the share of workers employed in each firm

type, be denoted by
Lun + Ly g = Lo T Lot
>i(Lin+ Lig)’ >i(Lin+ Lig)’

Sw =

and labor-supply shares by
Np, N,
ny, — —— ny = ———— .
h N, + N’ ! Ny + N;
The differences in the relative productivity parameters and the imperfect substitutability between
labor types ensure that By, > 1, B, < 1, By > B, and Z > 0.

Substituting equilibrium allocations from equations (A.3)—(A.6) into these share expressions

gives the comparative static responses of industry labor-demand shares with respect to labor-supply

shares:
gf;;j - <Bb fbew> (Z+ZB“’> >0, (A7)
3821,1 == (Binw) (Z +ZBI’> <0, (A.8)
o =(mm) > a9
‘Z)f;j == <Jitif;) <0. (A.10)

Equations (A.7)—(A.9) confirm that an increase in the relative supply of high-skill workers
raises the labor-demand share of white-collar firms, while an increase in low-skill labor supply
raises the labor-demand share of blue-collar firms. These results directly reflect firms’ technological
differences, whereby white-collar firms are more efficient in employing high-skill labor, and blue-
collar firms are more efficient in employing low-skill labor. As shown in Section 2, the magnitude
of these responses depends on the elasticity of substitution o, which governs the degree to which

production can substitute between skill groups.
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B Data Appendix

B.1 Construction of Immigration Stock Data

I construct county-level data on immigration utilizing the individual census files of the IPUMS
USA and NHGIS samples of the 1850 (full sample), 1860 (full sample), 1870 (10% sample), 1880
(10% sample), 1890 (10% sample), 1900 (5% sample), 1910 (1% sample), 1920 (10% sample), 1930
(5% sample), 1940 (1% sample), 1950 (1% sample), 1960 (5% sample), 1970 (1% Form 1 Metro
sample), 1980 (5% State sample), 1990 (5% State sample), and 2000 (5% sample) waves, as well as
the 2006-2010 five-year sample of the ACS. I define immigrants as “foreign-born” individuals born
outside of the US and its territories in each decennial wave beginning from 1850 to 2000 in the
census and the 2006-2010 five-year sample of the ACS. I define the measure of immigration stock,
Io4+, as the number of immigrants (foreign-born people) from origin (country) o, who resides in
US destination (county) d in census year t. Countries of origin are based on the detailed birthplace
variable in the census.

Both origins and destinations are either historical (prior to 1990) or modern (post-1990)
geographical units. Therefore, to have consistent geographic units of countries and counties, I fol-
low the method highlighted in Burchardi et al. (2019), in that I transform non-1990-level foreign
countries of origin or detailed birthplaces to 1990-level foreign countries as well as non-1990-level
counties, county groups, and PUMAs to 1990-level counties. Initially, I transition non-1990-level
counties, county groups, and PUMASs to 1990-level counties in each census year utilizing the tran-
sition matrices created in Burchardi et al. (2019) and complementing it with county crosswalk files
generated in Eckert et al. (2020).3% Afterwards, I generate a country crosswalk file and transform
non-1990-level countries to 1990-level countries in each census wave. All transition matrices and

crosswalk files rely on population-based weights.

B.2 Construction of Working-Age Population Data

I construct variables for human-capital-specific working-age population shares using each decennial
census wave in 1970, 1980, 1990, 2000, and the 2006-2010 five-year sample of the ACS in the
following steps. First, I restrict the sample to individuals aged 16-64. Second, I allocate them

into skill cells based on their educational attainment (i.e., years of schooling). Finally, I take the

36The additional details on the construction of county crosswalk files and the weighting scheme can be found in
those papers alongside the following websites: (1) and (2).
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https://www.immigrationshock.com/county-transitions
https://www.fpeckert.me/

number of individuals with a given human capital level by county relative to the entire working-
age population by county. To have consistent geographic units of counties, I follow the procedure

described above.

B.3 Construction of Employment Data

I construct variables for all, native, and immigrant employment shares of each industry-skill type
utilizing each decennial census wave in 1970, 1980, 1990, 2000, and the 2006-2010 five-year sample
of the ACS. The measure of employment is the number of individuals employed, and the continuous
skill measure corresponds to average years of education of workers employed by each industry. I
further distinguish employment shares by industry tradability and discuss how I generate these
shares below.

Initially, I restrict the sample to only households and drop individuals working in the military

“unemployed” and “not in the labor force.” Afterwards,

occupations along with those classified as
I aggregate the 1990-level census industry codes to a balanced panel of industries utilizing an
industry concordance outlined in Autor et al. (2019).>” Then I allocate workers to three industry-
skill cells based on mean education of workers in industries. Later, I take the number of workers
by county and industry-skill types relative to the entire workforce by county. I proceed with the
construction of immigrant and native employment shares similarly, in that I take the number of
workers by county, industry-skill types, and nativity relative to the entire workforce by county.

Lastly, I generate the employment shares for workers of all industry-skill types in the tradable and

nontradable sectors through distinguishing them by industry tradability.

B.4 Construction of Establishments Data

I construct establishment share of each industry skill type by county along with industry tradability
using the 1970, 1980, 1990, 2000, and 2010 extracts of the County Business Patterns (CBP) data
published by the Census Bureau and supplement them with those assembled in Eckert et al. (2020,
2022).3® The data provide further important details on establishment size, defined as the number
of workers employed in a given establishment, and industry, in which an establishment operates.

Apart from establishment and industry characteristics, they also provide employment figures during

3TFor additional details, see their paper and David Dorn’s website. The crosswalk file I utilize is “[C4] Census
ind1990 to ind1990dd.”

38For further details on digitization, cleaning, imputation on employment counts, and consolidation of these panels
under consistent industry codes, see their papers, and Fabian Eckert’s website.
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the pay period including March 12, first-quarter payroll, and annual payroll. Consistent with
the literature, I define small establishments as those employing fewer than 20 workers, medium
establishments as those employing between 20 and 500 workers, and large establishments as those
employing more than 500 workers. I carry out the following steps to create establishment shares.
First, using the industry concordance files generated in Eckert et al. (2020, 2022), I crosswalk
all industry codes to a unique industry classification, STC87. Afterwards, I map the SIC87 industry
codes to a balanced panel of industries compiled in Autor et al. (2019).3° This step is necessary for
not only making them compatible with the census industry codes but also identifying the industry-
skill rankings discussed in the text. Next I take the number of establishments by county and
industry-skill types relative to the total number of establishments by county. I further differentiate

establishment share of each industry-skill type by the industry tradability.

39See David Dorn’s website for additional details. The crosswalk file I utilize is “[C8] STCS87 to ind1990ddz.”
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C Appendix Tables

Table C.1: FIRST-STAGE ESTIMATES

Medium-Skill Population Share High-Skill Population Share

(1)

(2)

Exogenous Populationrs 0.072*** -0.134***
(0.003) (0.006)
Exogenous Populationgg,q -0.045*** 0.151***
(0.002) (0.005)
R? 0.836 0.641
SW First-Stage F-Stats 133; 364 133; 364
N 15,705 15,705
State FE Yes Yes
Time FE Yes Yes

Notes: This table presents the first-stage estimates. The dependent variables are medium- and high-skill popu-
lation shares at the county level in separate specifications as displayed in columns (1) and (2), respectively. The
independent variables are exogenous working-age population of medium- and high-skill types at the county level.
Each specification reports the Sanderson-Windmeijer F-statistic for each endogenous variable. Both regressions
include state and time fixed effects. Standard errors are clustered by county for both specifications, and *, **, and
*** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

Table C.2: LOW-SKILL INDUSTRIES

Census Industry Code | Census Industry Title

10

20

100
141
151
230
531
722
750
761

Agricultural Production, Crops
Landscape and Horticultural Services
Meat Products

Carpets and Rugs

Apparel and Accessories, except Knit
Logging

Scrap and Waste Materials

Automobile Parking and Carwashes
Private Households

Services to Dwellings and Other Buildings

Notes: This time-varying industry-skill classification is based on the mean ed-
ucation of workers employed by a given industry as described in the text. The
table presents skill types evaluated for 2010. These industry codes and titles
correspond to the 1990-level three-digit census industry codes harmonized to a
balanced panel of industries using the concordance in Autor et al. (2019). “Low-
skill” industries are those whose average education corresponds to a high-school

degree or less.
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Table C.3:

MEDIUM-SKILL INDUSTRIES

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

11

40

42

60

101
110
112
121
130
140
142
152
161
171
180
182
191
210
212
222
231
242
251
261
270
272
281
291
301
311
320
332
351
361
390
392
401
410
412
432
451
471
500
502
512
530
532
541
550
552
561
571
581
601
611
620
622
630
632
641
651
660
662
671
681
691
731
742
752
771
780
801
810
860
870

Agricultural Production, Livestock

Metal Mining

Oil and Gas Extraction

All Construction

Dairy Products

Grain Mill Products

Sugar and Confectionery Products

Misc. Food Preparations and Kindred Products
Tobacco Manufactures

Dyeing and Finishing Textiles, except Wool and Knit Goods
Yarn, Thread, and Fabric Mills

Miscellaneous Fabricated Textile Products
Miscellaneous Paper and Pulp Products
Newspaper Publishing and Printing

Plastics, Synthetics, and Resins

Soaps and Cosmetics

Agricultural Chemicals

Tires and Inner Tubes

Miscellaneous Plastics Products

Leather Products, except Footwear

Sawmills, Planing Mills, and Millwork

Furniture and Fixtures

Cement, Concrete, Gypsum, and Plaster Products
Pottery and Related Products

Blast Furnaces, Steelworks, Rolling and Finishing Mills
Primary Aluminum Industries

Chutlery, Handtools, and General Hardware

Metal Forgings and Stampings

Metal Industries, n.s

Farm Machinery and Equipment

Metalworking Machinery

Machinery,
Motor Vehicles and Motor Vehicle Equipment
Railroad Locomotives and Equipment

Toys, Amusement, and Sporting Goods
Manufacturing Industries, n.s

Bus Service and Urban Transit

Trucking Service

U.S. Postal Service

Services Incidental to Transportation

Gas and Steam Supply Systems

Sanitary Services

Motor Vehicles and Equipment

Lumber and Construction Materials
Electrical Goods

Machinery, Equipment, and Supplies
Miscellaneous Wholesale, Durable Goods
Drugs, Chemicals, and Allied Products
Groceries and Related Products

Petroleum Products

Farm Supplies

Wholesale Trade, n.s

Hardware Stores

Grocery Stores

Food Stores, n.e.c

Auto and Home Supply Stores
Miscellaneous Vehicle Dealers

Shoe Stores

Household Appliance Stores

Eating and Drinking Places

Sporting Goods, Bicycles, and Hobby Stores
Jewelry Stores

Sewing, Needlework, and Piece Goods Stores
Direct Selling Establishments

Retail Florists

Retail Trade, n.s

Personnel Supply Services

Automotive Rental and Leasing, without Drivers
Electrical Repair Shops

Laundry, Cleaning, and Garment Services
Barber Shops

Video Tape Rental

Miscellaneous Entertainment and Recreation Services
Child Day Care Services

Residential Care Facilities, without Nursing

32

41

50

100
102
111
120
122
132
141
151
160
162
172
181
190
201
211
221
230
232
250
252
262
271
280
282
300
310
312
331
340
360
370
391
400
402
411
420
450
470
472
501
511
521
531
540
542
551
560
562
580
582
610
612
621
623
631
640
650
652
661
670
672
682
701
740
751
760
772
791
802
832
861
882

Fishing, Hunting, and Trapping

Coal Mining

Nonmetallic Mining and Quarrying, except Fuels
Meat Products

Canned, Frozen, and Preserved Fruits and Vegetables
Bakery Products

Beverage Industries

Food Industries, n.s

Knitting Mills

Carpets and Rugs

Apparel and Accessories, except Knit

Pulp, Paper, and Paperboard Mills
Paperboard Containers and Boxes

Printing, Publishing, and Allied Industries, except Newspapers
Drugs

Paints, Varnishes, and Related Products
Miscellaneous Petroleum and Coal Products
Other Rubber Products, and Plastics Footwear and Belting
Footwear, except Rubber and Plastic

Logging

Wood Buildings and Mobile Homes

Glass and Glass Products

Structural Clay Products

Misc. Nonmetallic Mineral and Stone Products
Iron and Steel Foundries

Other Primary Metal Industries

Fabricated Structural Metal Products
Miscellaneous Fabricated Metal Products
Engines and Turbines

Construction and Material Handling Machines
Machinery, except Electrical, n.e.c

Household Appliances

Ship and Boat Building and Repairing

Cycles and Miscellaneous Transportation Equipment
Miscellaneous Manufacturing Industries
Railroads

Taxicab Service

Warehousing and Storage

‘Water Transportation

Electric Light and Power

Water Supply and Irrigation

Utilities, n.s

Furniture and Home Furnishings

Metals and Minerals, except Petroleum
Hardware, Plumbing and Heating Supplies
Scrap and Waste Materials

Paper and Paper Products

Apparel, Fabrics, and Notions

Farm-product Raw Materials

Alcoholic Beverages

Miscellaneous Wholesale, Nondurable Goods
Lumber and Building Material Retailing
Retail Nurseries and Garden Stores

Retail Bakeries

Motor Vehicle Dealers

Gasoline Service Stations

Apparel and Accessory Stores, except Shoe
Furniture and Home Furnishings Stores

Music Stores

Liquor Stores

Book and Stationery Stores

Gift, Novelty, and Souvenir Shops

Vending Machine Operators

Fuel Dealers

Miscellaneous Retail Stores

Savings Institutions, Including Credit Unions
Detective and Protective Services

Automotive Repair and Related Services
Miscellaneous Repair Services

Beauty Shops

Miscellaneous Personal Services

Bowling Centers

Nursing and Personal Care Facilities

Job Training and Vocational Rehabilitation Services
Engineering, Architectural, and Surveying Services

Notes: This time-varying industry-skill classification is based on the mean education of workers employed by a given industry as described in the text. The table presents skill types evaluated for 2010. These
industry codes and titles correspond to the 1990-level three-digit census industry codes harmonized to a balanced panel of industries using the concordance in Autor et al. (2019). “Medium-skill” industries are
those whose average education corresponds to some college.
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Table C.4: HIGH-SKILL INDUSTRIES

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

12

181
200
341
352
371
421
441
510
633
663
702
711
721
800
820
822
840
842
852
871
880
882
891
893
910
930
932

Veterinary Services
Drugs
Petroleum Refining
Radio, TV, and Communication Equipment
Aircraft and Parts
Scientific and Controlling Instruments
Air Transportation
Telephone Communications
Professional and Commercial Equipment and Supplies
Radio, TV, and Computer Stores
Catalog and Mail Order Houses
Jredit Agencies, n.e.c
Insurance
Advertising
Theaters and Motion Pictures
Offices and Clinics of Dentists
Offices and Clinics of Optometrists
Health Services, n.e.c
Elementary and Secondary Schools
Libraries
Social Services, n.e.c
Religious Organizations
Engineering, Architectural, and Surveying Services
Research, Development, and Testing Services
Miscellaneous Professional and Related Services
Justice, Public Order, and Safety
Administration of Environmental Quality and Housing Programs
National Security and International Affairs

31

192
322
342
362
372
440
452
541
642
700
710
712
741
812
821
831
841
850
860
872
881
890
892
901
921
931

Forestry

Industrial and Miscellaneous Chemicals

Computers and Related Equipment

Electrical Machinery, Equipment, and Supplies, n.e.c
Guided Missiles, Space Vehicles, and Parts

Medical, Dental, and Optical Instruments and Supplies
Radio and Television Broadcasting and Cable
Electric and Gas, and Other Combinations

Drugs, Chemicals, and Allied Products

Drug Stores

Banking

Security, Commodity Brokerage, and Investment Companies
Real Estate, Including Real Estate-insurance Offices
Business Services, n.e.c

Offices and Clinics of Physicians

Offices and Clinics of Chiropractors

Hospitals

Legal Services

Colleges and Universities

Educational Services, n.e.c

Museums, Art Galleries, and Zoos

Membership Organizations, n.e.c

Accounting, Auditing, and Bookkeeping Services
Management and Public Relations Services

General Government, n.e.c

Public Finance, Taxation, and Monetary Policy
Administration of Economic Programs

Notes: This time-varying industry-skill classification is based on the mean education of workers employed by a given industry as described in the text. The table presents skill types evaluated for 2010. These
industry codes and titles correspond to the 1990-level three-digit census industry codes harmonized to a balanced panel of industries using the concordance in Autor et al. (2019). “High-skill” industries are those
whose average education corresponds to a college degree and above.
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Table C.5:

TRADABLE INDUSTRIES

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

10

11

20

31

32

40

41

42

50

100
101
102
110
111
112
120
121
122
130
132
140
141
142
151
152
160
161
162
171
172
180
181
182
190
191
200
201
210
211
212
220

Agricultural Production, Crops

Agricultural Production, Livestock

Veterinary Services

Forestry

Fishing, Hunting, and Trapping

Metal Mining

Coal Mining

Oil and Gas Extraction

Nonmetallic Mining and Quarrying, except Fuels
Meat Products

Dairy Products

Canned, Frozen, and Preserved Fruits and Vegetables
Grain Mill Products

Bakery Products

Sugar and Confectionery Products

Beverage Industries

Misc. Food Preparations and Kindred Products
Food Industries, n.s

Tobacco Manufactures

Knitting Mills

Dyeing and Finishing Textiles, except Wool and Knit Goods
Carpets and Rugs

Yarn, Thread, and Fabric Mills

Apparel and Accessories, except Knit
Miscellaneous Fabricated Textile Products

Pulp, Paper, and Paperboard Mills
Miscellaneous Paper and Pulp Products
Paperboard Containers and Boxes

Newspaper Publishing and Printing

Printing, Publishing, and Allied Industries, except Newspapers
Plastics, Synthetics, and Resins

Drugs

Soaps and Cosmetics

Paints, Varnishes, and Related Products
Agricultural Chemicals

Petroleum Refining

Miscellaneous Petroleum and Coal Products
Tires and Inner Tubes

Other Rubber Products, and Plastics Footwear and Belting
Miscellaneous Plastics Products

Footwear, except Rubber and Plastic

221
222
230
231
232
242
250
251
252
261
262
270
271
272
281
282
291
300
301
310
311
312
320
331
332
340
351
360
361
370
390
391
392
510
540
571
632
640
660
671

Footwear, except Rubber and Plastic

Leather Products, except Footwear

Logging

Sawmills, Planing Mills, and Millwork

‘Wood Buildings and Mobile Homes

Furniture and Fixtures

Glass and Glass Products

Cement, Concrete, Gypsum, and Plaster Products
Structural Clay Products

Pottery and Related Products

Misc. Nonmetallic Mineral and Stone Products
Blast Furnaces, Steelworks, Rolling and Finishing Mills
Iron and Steel Foundries

Primary Aluminum Industries

Cutlery, Handtools, and General Hardware
Fabricated Structural Metal Products

Metal Forgings and Stampings

Miscellaneous Fabricated Metal Products

Metal Industries, n.s

Engines and Turbines

Farm Machinery and Equipment

Construction and Material Handling Machines
Metalworking Machinery

Machinery, except Electrical, n.e.c

Machinery, n.s

Household Appliances

Motor Vehicles and Motor Vehicle Equipment
Ship and Boat Building and Repairing

Railroad Locomotives and Equipment

Cycles and Miscellaneous Transportation Equipment
Toys, Amusement, and Sporting Goods
Miscellaneous Manufacturing Industries
Manufacturing Industries, n.s

Professional and Commercial Equipment and Supplies
Paper and Paper Products

Wholesale Trade, n.s

Household Appliance Stores

Music Stores

Jewelry Stores

Direct Selling Establishments

Notes: This table presents the tradable industries. Following Burstein et al. (2020), all goods industries (agriculture, mining, and manufacturing) are classified as tradable, while the construction indus-
try is dropped from the analysis. These industry codes and titles correspond to the 1990-level three-digit census industry codes harmonized to a balanced panel of industries using the concordance in

Autor et al. (2019).
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Table C.6: NONTRADABLE INDUSTRIES

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

232
400
401
402
421
440
441
470
472
501
511
521
531
540
542
551
560
562
581
601
611
620
622
630
641
651
661
670
682
700
702
711
731
741
751
760
772
791
801
810
820
822
840
842
852
871
880
882
892
901
921
931

‘Wood Buildings and Mobile Homes
Railroads

Bus Service and Urban Transit

Taxicab Service

Air Transportation

Radio and Television Broadcasting and Cable
Telephone Communications

Water Supply and Irrigation

Utilities, n.s

Furniture and Home Furnishings

Metals and Minerals, except Petroleum
Hardware, Plumbing and Heating Supplies
Scrap and Waste Materials

Paper and Paper Products

Apparel, Fabrics, and Notions
Farm-product Raw Materials

Alcoholic Beverages

Miscellaneous Wholesale, Nondurable Goods
Hardware Stores

Grocery Stores

Food Stores, n.e.c

Auto and Home Supply Stores
Miscellaneous Vehicle Dealers

Shoe Stores

Eating and Drinking Places

Sporting Goods, Bicycles, and Hobby Stores
Gift, Novelty, and Souvenir Shops

Vending Machine Operators

Miscellaneous Retail Stores

Banking

Credit Agencies, n.e.c

Insurance

Personnel Supply Services

Business Services, n.e.c

Automotive Repair and Related Services
Miscellaneous Repair Services

Beauty Shops

Miscellaneous Personal Services

Video Tape Rental

Miscellaneous Entertainment and Recreation Services
Offices and Clinics of Dentists

Offices and Clinics of Optometrists

Health Services, n.e.c

Elementary and Secondary Schools
Libraries

Social Services, n.e.c

Religious Organizations

Engineering, Architectural, and Surveying Services
Management and Public Relations Services
General Government, n.e.c

Public Finance, Taxation, and Monetary Policy
Administration of Economic Programs

410
411
412
420
432
450
451
471
500
502
512
530
532
541
550
552
561
580
582
610
612
621
623
631
650
652
662
681
691
701
710
721
740
742
752
771
780
800
802
812
821
831
841
850
860
872
881
891
893
910
930
932

Trucking Service

‘Warehousing and Storage

U.S. Postal Service

‘Water Transportation

Services Incidental to Transportation
Electric Light and Power

Gas and Steam Supply Systems

Sanitary Services

Motor Vehicles and Equipment

Lumber and Construction Materials
Electrical Goods

Machinery, Equipment, and Supplies
Miscellaneous Wholesale, Durable Goods
Drugs, Chemicals, and Allied Products
Groceries and Related Products

Petroleum Products

Farm Supplies

Lumber and Building Material Retailing
Retail Nurseries and Garden Stores

Retail Bakeries

Motor Vehicle Dealers

Gasoline Service Stations

Apparel and Accessory Stores, except Shoe
Furniture and Home Furnishings Stores
Liquor Stores

Book and Stationery Stores

Sewing, Needlework, and Piece Goods Stores
Retail Florists

Retail Trade, n.s

Savings Institutions, Including Credit Unions
Security, Commodity Brokerage, and Investment Companies
Advertising

Detective and Protective Services
Automotive Rental and Leasing, without Drivers
Electrical Repair Shops

Laundry, Cleaning, and Garment Services
Barber Shops

Theaters and Motion Pictures

Bowling Centers

Offices and Clinics of Physicians

Offices and Clinics of Chiropractors
Hospitals

Legal Services

Colleges and Universities

Educational Services, n.e.c

Museums, Art Galleries, and Zoos
Membership Organizations, n.e.c

Research, Development, and Testing Services
Miscellaneous Professional and Related Services
Justice, Public Order, and Safety

Administration of Environmental Quality and Housing Programs

National Security and International Affairs

Notes: This table presents the nontradable industries. Following Burstein et al. (2020), all servi

es industries are classified as nontradable, while the construction industry is dropped from the analysis.

These industry codes and titles correspond to the 1990-level three-digit census industry codes harmonized to a balanced panel of industries using the concordance in Autor et al. (2019).
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Table C.7: LOW-SKILL TRADABLE AND NONTRADABLE INDUSTRIES

Tradable Industries

Nontradable Industries

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

10

Agricultural Production, Crops

531

Scrap and Waste Materials

100 Meat Products 722 Services to Dwellings and Other Buildings
141 Carpets and Rugs 761 Private Households

151 Apparel and Accessories, Except Knit

230 Logging

Notes: This time-varying industry-skill classification across both tradable and nontradable sectors is based on the mean education of workers employed by
a given industry as described in the text. The table presents skill types evaluated for 2010. “Low-skill” industries are those whose average education corre-
sponds to a high-school degree or less in both sectors.
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Table C.8: MEDIUM-SKILL TRADABLE AND NONTRADABLE INDUSTRIES

Tradable Industries

Nontradable Industries

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

11

32

40

41

42

50

101
102
110
111
112
120
121
122
130
132
140
142
152
160
161
162
171
172
180
182
190
191
201
210
211
212
221
222
231
232
242
250
251
252
261
262
270
271
272
281
282
291
292
300
301
310
311
312
320
331
332
340
351
360
361
370
390
392

Agricultural Production, Livestock

Fishing, Hunting, and Trapping

Metal Mining

Coal Mining

Oil and Gas Extraction

Nonmetallic Mining and Quarrying, Except Fuels
Dairy Products

Canned, Frozen, and Preserved Fruits and Vegetables
Grain Mill Products

Bakery Products

Sugar and Confectionery Products

Beverage Industries

Misc. Food Preparations and Kindred Products
Food Industries, n.s

Tobacco Manufactures

Knitting Mills

Dyeing and Finishing Textiles, Except Wool and Knit Goods
Yarn, Thread, and Fabric Mills

Miscellaneous Fabricated Textile Products

Pulp, Paper, and Paperboard Mills

Miscellaneous Paper and Pulp Products
Paperboard Containers and Boxes

Newspaper Publishing and Printing

Printing, Publishing, and Allied Industries, Except Newspapers
Plastics, Synthetics, and Resins

Soaps and Cosmetics

Paints, Varnishes, and Related Products
Agricultural Chemicals

Miscellaneous Petroleum and Coal Products

Tires and Inner Tubes

Other Rubber Products, and Plastics Footwear and Belting
Miscellaneous Plastics Products

Footwear, Except Rubber and Plastic

Leather Products, Except Footwear

Sawmills, Planing Mills, and Millwork

‘Wood Buildings and Mobile Homes

Furniture and Fixtures

Glass and Glass Products

Cement, Concrete, Gypsum, and Plaster Products
Structural Clay Products

Pottery and Related Products

Misc. Nonmetallic Mineral and Stone Products
Blast Furnaces, Steelworks, Rolling and Finishing Mills
Iron and Steel Foundries

Primary Aluminum Industries

Cutlery, Handtools, and General Hardware
Fabricated Structural Metal Products

Metal Forgings and Stampings

Ordnance

Miscellaneous Fabricated Metal Products

Metal Industries, n.s

Engines and Turbines

Farm Machinery and Equipment

Construction and Material Handling Machines
Metalworking Machinery

Machinery, Except Electrical, n.e.c

Machinery, n.s

Household Appliances

Motor Vehicles and Motor Vehicle Equipment
Ship and Boat Building and Repairing

Railroad Locomotives and Equipment

Cycles and Miscellaneous Transportation Equipment
Toys, Amusement, and Sporting Goods
Manufacturing Industries, n.s

400
401
402
410
411
412
420
432
450
451
470
471
472
500
501
502
511
512
530
532
540
542
550
551
552
560
561
562
571
580
581
582
591
600
601
610
611
612
620
621
622
623
630
631
640
641
650
651
652
660
662
670
671
672
681
682
691
731
740
750
752
760
762
770
771
772
780
781
791
802
810
832
861
862
870
881

Railroads

Bus Service and Urban Transit

Taxicab Service

Trucking Service

Warehousing and Storage

U.S. Postal Service

Water Transportation

Services Incidental to Transportation
Electric Light and Power

Gas and Steam Supply Systems

‘Water Supply and Irrigation

Sanitary Services

Utilities, n.s

Motor Vehicles and Equipment

Furniture and Home Furnishings

Lumber and Construction Materials

Metals and Minerals, Except Petroleum
Electrical Goods

Machinery, Equipment, and Supplies
Miscellaneous Wholesale, Durable Goods
Paper and Paper Products

Apparel, Fabrics, and Notions

Groceries and Related Products
Farm-product Raw Materials

Petroleum Products

Alcoholic Beverages

Farm Supplies

Miscellaneous Wholesale, Nondurable Goods
‘Wholesale Trade, n.s

Lumber and Building Material Retailing
Hardware Stores

Retail Nurseries and Garden Stores
Department Stores

Miscellaneous General Merchandise Stores
Grocery Stores

Retail Bakeries

Food Stores, n.e.c

Motor Vehicle Dealers

Auto and Home Supply Stores

Gasoline Service Stations

Miscellaneous Vehicle Dealers

Apparel and Accessory Stores, Except Shoe
Shoe Stores

Furniture and Home Furnishings Stores
Household Appliance Stores

Eating and Drinking Places

Liquor Stores

Sporting Goods, Bicycles, and Hobby Stores
Book and Stationery Stores

Jewelry Stores

Sewing, Needlework, and Piece Goods Stores
Vending Machine Operators

Direct Selling Establishments

Fuel Dealers

Retail Florists

Miscellaneous Retail Stores

Retail Trade, n.s

Personnel Supply Services

Detective and Protective Services
Automotive Rental and Leasing, Without Drivers
Electrical Repair Shops

Miscellaneous Repair Services

Hotels and Motels

Lodging Places, Except Hotels and Motels
Laundry, Cleaning, and Garment Services
Beauty Shops

Barber Shops

Funeral Service and Crematories
Miscellaneous Personal Services

Bowling Centers

Miscellaneous Entertainment and Recreation Services
Nursing and Personal Care Facilities

Job Training and Vocational Rehabilitation Services
Child Day Care Services

Residential Care Facilities, Without Nursing
Labor Unions

Notes: This time-varying industry-skill classification across both tradable and nontradable sectors is based on the mean education of workers employed by a given industry as described in the text. The
table presents skill types evaluated for 2010. “Medium-skill” industries are those whose average education corresponds to some college in both sectors.
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Table C.9: HIGH-SKILL TRADABLE AND NONTRADABLE INDUSTRIES

Tradable Industries

Nontradable Industries

Census Industry Code

Census Industry Title

Census Industry Code

Census Industry Title

20

31

181
192
200
322
341
342
352
362
371
372

Veterinary Services

Forestry

Drugs

Industrial and Miscellaneous Chemicals

Petroleum Refining

Computers and Related Equipment

Radio, TV, and Communication Equipment
Electrical Machinery, Equipment, and Supplies, n.e.c
Aircraft and Parts

Guided Missiles, Space Vehicles, and Parts

Scientific and Controlling Instruments

Medical, Dental, and Optical Instruments and Supplies

421
440
441
452
510
541
642
663
700
702
710
711
712
721
732
741
800
812
820
821
822
831
840
841
842
850
852
860
872
880
882
890
891
892
893

Air Transportation

Radio and Television Broadcasting and Cable
Telephone Communications

Electric and Gas, and Other Combinations
Professional and Commercial Equipment and Supplies
Drugs, Chemicals, and Allied Products

Drug Stores

Catalog and Mail Order Houses

Banking

Credit Agencies, n.e.c

Security, Commodity Brokerage, and Investment Companies
Insurance

Real Estate, Including Real Estate-insurance Offices
Advertising

Computer and Data Processing Services

Business Services, n.e.c

Theaters and Motion Pictures

Offices and Clinics of Physicians

Offices and Clinics of Dentists

Offices and Clinics of Chiropractors

Offices and Clinics of Optometrists

Hospitals

Health Services, n.e.c

Legal Services

Elementary and Secondary Schools

Colleges and Universities

Libraries

Educational Services, n.e.c

Museums, Art Galleries, and Zoos

Religious Organizations

Engineering, Architectural, and Surveying Services
Accounting, Auditing, and Bookkeeping Services
Research, Development, and Testing Services
Management and Public Relations Services
Miscellaneous Professional and Related Services

Notes: This time-varying industry-skill classification across both tradable and nontradable sectors is based on the mean education of workers employed by a given industry as described in the text.
The table presents skill types evaluated for 2010. “High-skill” industries are those whose average education corresponds to a college degree and above in both sectors.
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Table C.10: EMPLOYMENT ESTIMATES BY NATIVITY

All Low Skill Medium Skill High Skill

(1) (2) (3) (4)
Panel A: Native Employment Shares
Population Shareprs,qt 0.045 -0.332%** 0.091 0.044
(0.076) (0.046) (0.070) (0.067)
Population Shareps -0.088**  -0.192*** -0.384*** 0.496***
(0.037) (0.021) (0.032) (0.030)
AR Wald F-Test P-value 0.006 0.000 0.000 0.000
Panel B: Immigrant Employment Shares
Population Sharenrs,qt -0.045  -0.709*** -0.091 0.800***
(0.076) (0.088) (0.075) (0.088)
Population Sharems,qy 0.088*  -1.012*** 0.167*** 0.845***
(0.037) (0.051) (0.035) (0.045)
AR Wald F-Test P-value 0.006 0.000 0.000 0.000
N 15,705 15,705 15,705 15,705
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variables are native and immigrant
employment shares of each industrial skill type at the county level in separate regressions as displayed in Panels A
and B, respectively. The independent variables are endogenous medium- and high-skill working-age population shares
instrumented with exogenous medium- and high-skill working-age population at the county level. Each specification
presents the p-value for the Anderson-Rubin Wald F-test. All regressions include state and time fixed effects. Standard
errors are clustered by county for all specifications, and *, ** and *** denote statistical significance at the 10%, 5%,
and 1% levels, respectively.
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Table C.11: HETEROGENEITY - ESTABLISHMENT ESTIMATES BY SIZE

Low Skill Medium Skill High Skill
1) @) 3)
Panel A: Small Establishments
Population Shareps -0.820*** -0.380 1.607***
(0.179) (0.230) (0.244)
Population Shareps q -0.228*** -0.217** 0.335***
(0.036) (0.047) (0.043)
Panel B: Medium Establishments
Population Shares,qt -0.285*** 0.272%** 0.187***
(0.109) (0.084) (0.039)
Population Shareps.q: -0.015 0.061* 0.048**
(0.050) (0.037) (0.019)
Panel C: Large Establishments
Population Shareps -0.055* -0.016 -0.010
(0.033) (0.032) (0.015)
Population Shareps,q+ -0.002 0.004 0.014*
(0.013) (0.014) (0.008)
N 14,896 14,896 14,896
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variables
are small, medium, and large establishment shares of each industrial skill type at the county
level in separate regressions as displayed in Panels A, B, and C, respectively. The independent
variables are endogenous medium- and high-skill working-age population shares instrumented
with exogenous medium- and high-skill working-age population at the county level. Consistent
with the literature, small establishments are defined as those employing fewer than 20 workers,
medium establishments are defined as those employing between 20 and 500 workers, and large
establishments are defined as those employing more than 500 workers. All regressions include
state and time fixed effects. Standard errors are clustered by county for all specifications, and *,
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Table C.12: HETEROGENEITY - ESTABLISHMENT ESTIMATES BY SIZE IN THE
TRADABLE SECTOR

Low Skill Medium Skill High Skill
(1) (2) (3)

Panel A: Small Establishments

Population Shareps -0.416*** -0.067** -0.024**
(0.065) (0.034) (0.010)
Population Shareps,q -0.120*** -0.030* -0.009*
(0.030) (0.017) (0.005)
Panel B: Medium Establishments
Population Shares,qt -0.544*** 0.077 0.020
(0.112) (0.079) (0.025)
Population Sharems.q: -0.055 0.027 -0.002
(0.050) (0.033) (0.012)
Panel C: Large Establishments
Population Shareps,q -0.046 -0.009 -0.011
(0.033) (0.032) (0.014)
Population Sharegs,q+ -0.001 0.003 0.010
(0.013) (0.015) (0.008)
N 14,896 14,896 14,896
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variables
are small, medium, and large establishment shares of each industrial skill type in the tradable
sector in separate regressions as displayed in Panels A, B, and C, respectively. The independent
variables are endogenous medium- and high-skill working-age population shares instrumented
with exogenous medium- and high-skill working-age population at the county level. Consistent
with the literature, small establishments are defined as those employing fewer than 20 workers,
medium establishments are defined as those employing between 20 and 500 workers, and large
establishments are defined as those employing more than 500 workers. All regressions include
state and time fixed effects. Standard errors are clustered by county for all specifications, and *,
** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.13: HETEROGENEITY - ESTABLISHMENT ESTIMATES BY SIZE IN THE
NONTRADABLE SECTOR

Low Skill Medium Skill High Skill
(1) (2) (3)

Panel A: Small Establishments

Population Shareps -0.098* -0.258*** 0.833***
(0.060) (0.094) (0.098)
Population Shareps q+ -0.099*** -0.292*** 0.417***
(0.026) (0.042) (0.044)
Panel B: Medium Establishments
Population Shares,qt 0.248*** 0.162*** 0.136***
(0.024) (0.040) (0.046)
Population Sharems.q: 0.060*** 0.035* 0.048**
(0.012) (0.020) (0.018)
Panel C: Large Establishments
Population Shareps,q 0.000 -0.004 0.002
(0.000) (0.003) (0.006)
Population Shareps,q+ -0.000 0.002 0.005**
(0.000) (0.001) (0.002)
N 14,896 14,896 14,896
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variables
are small, medium, and large establishment shares of each industrial skill type in the nontradable
sector in separate regressions as displayed in Panels A, B, and C, respectively. The independent
variables are endogenous medium- and high-skill working-age population shares instrumented
with exogenous medium- and high-skill working-age population at the county level. Consistent
with the literature, small establishments are defined as those employing fewer than 20 workers,
medium establishments are defined as those employing between 20 and 500 workers, and large
establishments are defined as those employing more than 500 workers. All regressions include
state and time fixed effects. Standard errors are clustered by county for all specifications, and *,
** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.14: ROBUSTNESS - EMPLOYMENT AND ESTABLISHMENT ESTIMATES USING
INSTRUMENTS FOR THE 1860-1900 PERIOD

Low Skill

Medium Skill

High Skill

(1)

(2)

(3)

Panel A: Employment Shares

Population Sharenrs,at -0.381*** 0.187*** 0.194***
(0.048) (0.061) (0.037)
Population Shareps i -0.312*** -0.238*** 0.550***
(0.022) (0.027) (0.020)
AR Wald F-Test P-Value 0.000 0.000 0.000
Panel B: Establishment Shares
Population Sharepss q -0.731%* -0.080 0.958***
(0.138) (0.137) (0.119)
Population Sharems q. -0.086 -0.201*** 0.333***
(0.065) (0.062) (0.055)
AR Wald F-Test P-Value 0.00 0.000 0.000
SW First-Stage F-Stats 147; 374 147; 374 147; 374
N 15,705 15,705 15,705
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent vari-
ables are employment and establishment shares of each industrial skill type at the county
level in separate specifications as displayed in Panels A and B, respectively. The independent
variables are endogenous medium- and high-skill working-age population shares instrumented
with exogenous medium- and high-skill working-age population. Exogenous working-age pop-
ulation of each skill type has been generated using the predicted ancestry stocks based on
the immigrant leave-out push-pull variables for only the 1860-1900 period. Each specifica-
tion reports the p-value for the Anderson-Rubin Wald F-Test and the Sanderson-Windmeijer
F-statistic for each endogenous variable. All regressions include state and time fixed effects.
Standard errors are clustered by county for all specifications, and *, ** and *** denote sta-
tistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.15: ROBUSTNESS - EMPLOYMENT AND ESTABLISHMENT ESTIMATES USING
INSTRUMENTS FOR THE 1860-1950 PERIOD

Low Skill

Medium Skill

High Skill

(1)

(2)

(3)

Panel A: Employment Shares

Population Sharenrs,at -0.391*** 0.206*** 0.185***
(0.048) (0.060) (0.037)
Population Shareps i -0.317** -0.229*** 0.546***
(0.022) (0.027) (0.020)
AR Wald F-Test P-Value 0.000 0.000 0.000
Panel B: Establishment Shares
Population Sharepss q -0.744** -0.070 0.958***
(0.136) (0.135) (0.117)
Population Sharems q. -0.097 -0.193*** 0.334***
(0.064) (0.061) (0.055)
AR Wald F-Test P-Value 0.000 0.000 0.000
SW First-Stage F-Stats 138; 365 138; 365 138; 365
N 15,705 15,705 15,705
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent vari-
ables are employment and establishment shares of each industrial skill type at the county
level in separate specifications as displayed in Panels A and B, respectively. The independent
variables are endogenous medium- and high-skill working-age population shares instrumented
with exogenous medium- and high-skill working-age population. Exogenous working-age pop-
ulation of each skill type has been generated using the predicted immigration stocks based
on the immigrant leave-out push-pull variables for only the 1860-1950 period. Each specifica-
tion reports the p-value for the Anderson-Rubin Wald F-Test and the Sanderson-Windmeijer
F-statistic for each endogenous variable. All regressions include state and time fixed effects.
Standard errors are clustered by county for all specifications, and *, ** and *** denote sta-
tistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.16: ROBUSTNESS - EXCLUDING

THE FIVE LARGEST ANCESTRY GROUPS

Low Skill

Medium Skill

High Skill

(1)

(2)

(3)

Panel A: Employment Shares

Population Sharenrs.qt -0.350*** 0.152** 0.198***
(0.049) (0.061) (0.037)
Population Shareps -0.330*** -0.211% 0.540***
(0.022) (0.027) (0.020)
AR Wald F-Test P-Value 0.000 0.000 0.000
Panel B: Establishment Shares
Population Sharenss q -0.723%** -0.109 0.988***
(0.138) (0.136) (0.117)
Population Sharems q. -0.111* -0.162*** 0.318***
(0.063) (0.060) (0.054)
AR Wald F-Test P-Value 0.000 0.019 0.000
SW First-Stage F-Stats 149; 355 149; 355 149; 355
N 15,705 15,705 15,705
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variables
are employment and establishment shares of each industrial skill type in separate specifications
as displayed in Panels A and B, respectively. The independent variables are endogenous
medium- and high-skill working-age population shares instrumented with exogenous medium-
and high-skill working-age population. While isolating exogenous working-age population of
each skill type, I exclude the five largest ancestry groups from the list of predicted ancestry
stocks. These groups are English, German, Irish, Italian, and Mexican. Each specification
reports the p-value for the Anderson-Rubin Wald F-Test and the Sanderson-Windmeijer F-
statistic for each endogenous variable. All regressions include state and time fixed effects.
Standard errors are clustered by county for all specifications, and *, ** and *** denote
statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.17: ROBUSTNESS - EXCLUDING THE FIVE LARGEST COUNTIES

Low Skill

Medium Skill

High Skill

(1)

(2)

(3)

Panel A: Employment Shares

Population Sharenrs.qt -0.395*** 0.219*** 0.176**
(0.047) (0.058) (0.036)
Population Shareps -0.318*** -0.226*** 0.544***
(0.022) (0.026) (0.020)
AR Wald F-Test P-Value 0.000 0.000 0.000
Panel B: Establishment Shares
Population Sharenss q -0.762%** -0.036 0.989***
(0.134) (0.131) (0.111)
Population Sharems q. -0.116* -0.164*** 0.347**
(0.064) (0.060) (0.053)
AR Wald F-Test P-Value 0.000 0.008 0.000
SW First-Stage F-Stats 132; 372 132; 372 132; 372
N 15,680 15,680 15,680
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variables
are employment and establishment shares of each industrial skill type at the county level
excluding the five most “immigrant-receiving” counties in separate regressions as reported
in Panels A and B, respectively. The excluded counties are Los Angeles, Cook, Harris,
Miami-Dade, and Kings counties. The independent variables are endogenous medium- and
high-skill working-age population shares instrumented with exogenous medium- and high-
skill working-age population. Each specification reports the p-value for the Anderson-Rubin
Wald F-Test and the Sanderson-Windmeijer F-statistic for each endogenous variable. All
regressions include state and time fixed effects. Standard errors are clustered by county for
all specifications, and *, ** and *** denote statistical significance at the 10%, 5%, and 1%
levels, respectively.
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Table C.18: ROBUSTNESS - ALTERNATIVE TRADABILITY CLASSIFICATION

Employment Shares
All Low Skill Medium Skill High Skill

1) 2) 3) (4)
Panel A: Tradable Sector
Population Sharenrs,dt -0.491%**  -0.559*** 0.171* -0.102***
(0.098) (0.080) (0.049) (0.032)
Population Sharems.q: -0.483***  -0.277*** -0.428*** 0.222%**
(0.049) (0.037) (0.028) (0.020)
Panel B: Nontradable Sector
Population Sharenrs,dt 0.491***  0.354*** 0.012 0.125%**
(0.098) (0.045) (0.043) (0.040)
Population Sharems.q: 0.483*** -0.020 0.030 0.474**
(0.049) (0.022) (0.022) (0.022)
N 15,705 15,705 15,705 15,705
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variable is employ-
ment share of each industrial skill type in the tradable and nontradable sectors at the county level in
separate specifications as displayed in Panels A and B, respectively. The independent variables are en-
dogenous medium- and high-skill working-age population shares instrumented with exogenous medium-
and high-skill working-age population. In classifying workers by the tradability domain, I use an alterna-
tive tradability measure highlighted in Mian and Sufi (2014) based on geographical Herfindahl-Hirschman
Indices (HHIs). All regressions include state and time fixed effects. Standard errors are clustered by
county for all specifications, and *, ** and *** denote statistical significance at the 10%, 5%, and 1%
levels, respectively.
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Table C.19: ROBUSTNESS - ALTERNATIVE TRADABILITY CLASSIFICATION

Establishment Shares

All Low Skill Medium Skill High Skill
1) 2) 3) (4)
Panel A: Tradable Sector
Population Sharenrs,dt -0.971%*  -1.052*** 0.076 0.006
(0.148) (0.155) (0.126) (0.062)
Population Sharems.q: -0.099 -0.168** 0.076 -0.006
(0.068) (0.070) (0.055) (0.026)
Panel B: Nontradable Sector
Population Sharenrs,dt 0.971** -0.099 -0.104 1.174***
(0.148) (0.081) (0.098) (0.089)
Population Sharems.q: 0.099 -0.155*** -0.213*** 0.467**
(0.068) (0.037) (0.046) (0.047)
N 15,705 15,705 15,705 15,705
State FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Notes: This table presents the IV results of estimating equation (6). The dependent variable is estab-
lishment share of each industrial skill type in the tradable and nontradable sectors at the county level in
separate specifications as displayed in Panels A and B, respectively. The independent variables are en-
dogenous medium- and high-skill working-age population shares instrumented with exogenous medium-
and high-skill working-age population. In classifying establishments by the tradability domain, I use an
alternative tradability measure highlighted in Mian and Sufi (2014) based on geographical Herfindahl-
Hirschman Indices (HHIs). All regressions include state and time fixed effects. Standard errors are
clustered by county for all specifications, and *, **, and *** denote statistical significance at the 10%,

5%, and 1% levels, respectively.
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Table C.20: ROBUSTNESS - BASELINE REGRESSIONS WITH CONTROLS

Low Skill

Medium Skill

High Skill

(1)

(2)

(3)

Panel A: Employment Shares

Population Sharenss,q,¢ -0.359*** 0.178*** 0.180***
(0.048) (0.062) (0.040)
Population Shareps.q. -0.140*** -0.429*** 0.569***
(0.044) (0.051) (0.036)
AR Wald F-Test P-value 0.000 0.000 0.000
Panel B: Establishment Shares
Population Sharepss,qa. -0.672%** -0.048 0.838***
(0.141) (0.134) (0.120)
Population Shareps 4. 0.150 -0.319*** 0.221**
(0.123) (0.110) (0.100)
AR Wald F-Test P-value 0.000 0.001 0.000
SW First-Stage F-Stats 75; 117 75; 117 75; 117
N 15,705 15,705 15,705
Controls Yes Yes Yes
State FE Yes Yes Yes
Time FE Yes Yes Yes

Notes: This table reports IV estimates of equation (6) with a full set of controls, which
includes newspaper issues (1800-1950) per 1950 county population, average Catholic and
Protestant shares (1936-1952), average Democratic presidential vote share (1920-1960), the
mining and manufacturing employment share (1950), and the urban population share (1950).
The dependent variables are employment and establishment shares of each industrial skill type
at the county level in separate specifications as displayed in Panels A and B, respectively. The
independent variables are endogenous medium- and high-skill working-age population shares
instrumented with medium- and high-skill exogenous working-age population at the county
level. Each specification presents the p-value for the Anderson-Rubin Wald F-test and the
Sanderson-Windmeijer F-statistic for each endogenous variable. All regressions include state
and time fixed effects. Standard errors are clustered by county for all specifications, and *,
**_and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.21: PLACEBO ANALYSIS: RANDOMIZATION INFERENCE

(1) (2) (3) (4)
Coefficient Standard Error Rejection Rate
(Mean) (Std. Dev) (Median) (%)
Panel A: First Stage
Medium-Skill Population Share
Placebo Instrument ys, 0.00000936  0.00023180 0.0002334 0
Placebo Instrument gg ¢ 0.00824130  0.00000174 0.0004106 0
High-Skill Population Share
Placebo Instrument ys, 0.0000165  0.00028220 0.0002754 0
Placebo Instrument s, 0.0214290  0.00000211 0.0007567 0
Panel B: Reduced Form
Low-Skill Employment Share
Placebo Instrument ys,¢ 0.00000990  0.00035820 0.0003396 0
Placebo Instrument gg -0.01762530  0.00000274 0.0005165 0
Medium-Skill Employment Share
Placebo Instrument s, 0.0000130  0.00037450 0.0003781 0
Placebo Instrument gg ¢ 0.0046393  0.00000274 0.0003931 0
High-Skill Employment Share
Placebo Instrument prs,; 0.000000468 0.00024540 0.0002554 0
Placebo Instrument pg,; 0.012986000 0.00000177 0.0004944 0
Low-Skill Establishment Share
Placebo Instrument ys,¢ 0.0000105  0.00117010 0.0011639 0
Placebo Instrument gg -0.0169001  0.00000893 0.0011112 0
Medium-Skill Establishment Share
Placebo Instrument s, 0.0000182  0.00104300 0.0010223 0
Placebo Instrumentgs, ¢ -0.0116477  0.00000829 0.0010934 0
High-Skill Establishment Share
Placebo Instrument s, -0.0000209  0.00080830 0.0008155 0
Placebo Instrument s, 0.0300484  0.00000592 0.0008341 0

Notes: This table reports the results of the placebo analysis. Following Adao et al. (2019), I first randomly generate predicted
ancestry stocks for each country-region-time triplet (instead of country-county-time triplet as in the baseline case) and then
construct placebo instruments by regressing working-age population of each human capital level on these randomly generated
predicted ancestry stocks. Next I run 1,000 placebo first-stage regressions of endogenous working-age share of each skill type on
each of this skill-specific placebo instrument. Additionally, I run the relevant reduced-form regressions, in which the dependent
variable is employment share of each industrial skill type, and the independent variables are medium- and high-skill placebo
instruments. Column 1 presents the mean value of the coefficient across all placebo regressions, and Column 2 reports the
standard deviation. Column 3 presents the median standard error for the coefficient across all placebo regressions, and Column
4 reports the fraction of placebo regressions for which I reject the null hypothesis of “no effect” at the 1% level of statistical
significance. These placebo instruments have a false rejection rate of 0% for both first-stage and reduced-form estimates,
meaning my instruments do not suffer from the over-rejection problem identified in Adao et al. (2019) for conventional shift-
share instruments (“AKM” standard error correction). Standard errors are clustered by county for all specifications similar
to the baseline analysis.

69



D Appendix Figures

Balance Test for the Change in Low-Skill Employment Share in 1940-1950 Balance Test for the Change in Medium-Skill Employment Share in 1940-1950
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Figure D.1: ADDITIONAL BALANCE TESTS: THE CHANGES IN EMPLOYMENT SHARES IN

1940-1950
Notes: These figures display the results of the balance tests specified in equation (12). Coeflicients report the effect
of a one-standard-deviation increase in each instrument, human-capital-specific exogenous population, over the 1970-
2010 period on a standardized measure of the changes in low- and medium-skill employment shares between 1940
and 1950. All regressions include state fixed effects, and standard errors are clustered by county for all specifications.
Whiskers indicate 95% confidence intervals computed using standard errors clustered by county.

Balance Test for the Change in Low-Skill Employment Share in 1950-1960 Balance Test for the Change in Medium-Skill Employment Share in 1950-1960
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Figure D.2: ADDITIONAL BALANCE TESTS: THE CHANGES IN EMPLOYMENT SHARES IN

1950-1960
Notes: These figures display the results of the balance tests specified in equation (12). Coefficients report the effect
of a one-standard-deviation increase in each instrument, human-capital-specific exogenous population, over the 1970-
2010 period on a standardized measure of the changes in low- and medium-skill employment shares between 1950
and 1960. All regressions include state fixed effects, and standard errors are clustered by county for all specifications.
Whiskers indicate 95% confidence intervals computed using standard errors clustered by county.
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Figure D.3: EMPLOYMENT AND ESTABLISHMENT ESTIMATES BY INDUSTRY

Notes: These figures display the coefficient plots of estimating equation (6), but the outcome variables are not
disaggregated by industrial skill types. The dependent variables are employment and establishment shares of major
industries at the county level in separate specifications. The independent variables are endogenous medium- and high-
skill working-age population shares instrumented with exogenous medium- and high-skill working-age population at
the county level. The “Services” sector also includes “Finance, Insurance, and Real Estate” along with “Public
Administration,” and the “Transportation” sector includes “Communications” and “Other Public Utilities.” Since
the CBP data do not provide the full coverage of establishments operating in agriculture during the study period, I
exclude them from the analysis. All regressions include state and time fixed effects, and standard errors are clustered
by county for all specifications. Whiskers indicate 95% confidence intervals computed using standard errors clustered
by county.
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Permutation Tests for Medium-Skill Population Share
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Permutation Tests for High-Skill Population Share
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Figure D.4: PERMUTATION TESTS: FIRST-STAGE ESTIMATES

Notes: These figures display three permutation (placebo) tests for the first-stage estimates in Appendix Table C.1.
In each test, I randomly re-assign the instruments across observations: (¢) within the entire sample, (i¢) within census
year ¢, and (4i4) within census year ¢ and division r(d). For each design, I run 1,000 placebo regressions and plot the
distribution of the estimated coefficients. The dashed red lines mark the point estimates from the main first-stage
results. Across all designs, the placebo distributions are tightly centered at zero and lie far from the main estimates;
the implied one-sided permutation p-values are less than 0.01. All placebo regressions include state and year fixed
effects, and standard errors are clustered by county for all specifications.
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Figure D.5: PERMUTATION TESTS: REDUCED-FORM ESTIMATES FOR EMPLOYMENT SHARES

Notes: These figures display three permutation (placebo) tests for the reduced-form estimates for employment shares.
In each test, I randomly re-assign the instruments across observations: (i) within the entire sample, (i) within census
year t, and (i4¢) within census year t and division r(d). For each design, I run 1,000 placebo regressions and plot the
distribution of the estimated coefficients. The dashed red lines mark the point estimates from the main reduced-form
results. Across all designs, the placebo distributions are tightly centered at zero and lie far from the main estimates;
the implied one-sided permutation p-values are less than 0.01. All placebo regressions include state and year fixed
effects, and standard errors are clustered by county for all specifications.
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Permutation Tests for Low-Skill Establishment Share
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Figure D.6: PERMUTATION TESTS: REDUCED-FORM ESTIMATES FOR ESTABLISHMENT
SHARES

Notes: These figures display three permutation (placebo) tests for the reduced-form estimates for establishment
shares. In each test, I randomly re-assign the instruments across observations: (i) within the entire sample, (1)
within census year ¢, and (4¢¢) within census year ¢ and division r(d). For each design, I run 1,000 placebo regressions
and plot the distribution of the estimated coefficients. The dashed red lines mark the point estimates from the main
reduced-form results. Across all designs, the placebo distributions are tightly centered at zero and lie far from the
main estimates; the implied one-sided permutation p-values are less than 0.01. All placebo regressions include state
and year fixed effects, and standard errors are clustered by county for all specifications.
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Figure D.7: THE BIVARIATE MAP OF LOW- AND MEDIUM-SKILL, WORKING-AGE

PoPULATION SHARES IN 2010
Notes: This bivariate map illustrates the distribution of low- and medium-skill working-age population shares across
US counties in 2010. Lighter colors indicate lower concentrations, while darker colors represent higher concentrations
for each respective skill type. The map has been plotted using the “bimap” package in Stata (Naqvi, 2024).
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Figure D.8: THE BIVARIATE MAP OF LOW- AND HIGH-SKILL WORKING-AGE POPULATION

SHARES IN 2010
Notes: This bivariate map illustrates the distribution of low- and high-skill working-age population shares across
US counties in 2010. Lighter colors indicate lower concentrations, while darker colors represent higher concentrations
for each respective skill type. The map has been plotted using the “bimap” package in Stata (Naqvi, 2024).
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Figure D.9: THE BIVARIATE MAP OF LOW- AND HIGH-SKILL WORKING-AGE POPULATION

SHARES IN 2010
Notes: This bivariate map illustrates the distribution of medium- and high-skill working-age population shares across
US counties in 2010. Lighter colors indicate lower concentrations, while darker colors represent higher concentrations
for each respective skill type. The map has been plotted using the “bimap” package in Stata (Naqvi, 2024).
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Figure D.10: THE BIVARIATE MAP OF LOw- AND MEDIUM-SKILL EXOGENOUS POPULATION
IN 2010

Notes: This bivariate map illustrates the distribution of low- and medium-skill exogenous population across US
counties in 2010. I regress each instrument on county and time fixed effects and obtain the residuals. The color
coding visualizes the 200 quantiles of the residuals across counties. Lighter colors indicate lower quantiles, while
darker colors represent higher quantiles for each respective skill type. The map has been plotted using the “bimap”
package in Stata (Naqvi, 2024).
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Figure D.11: THE BIVARIATE MAP OF LOW- AND HIGH-SKILL EXOGENOUS POPULATION IN
2010

Notes: This bivariate map illustrates the distribution of low- and high-skill exogenous population across US counties
in 2010. I regress each instrument on county and time fixed effects and obtain the residuals. The color coding
visualizes the 200 quantiles of the residuals across counties. Lighter colors indicate lower quantiles, while darker
colors represent higher quantiles for each respective skill type. The map has been plotted using the “bimap” package
in Stata (Naqvi, 2024).
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Figure D.12: THE BIVARIATE MAP OF MEDIUM- AND HIGH-SKILL EXOGENOUS POPULATION
IN 2010

Notes: This bivariate map illustrates the distribution of medium- and high-skill exogenous population across US
counties in 2010. I regress each instrument on state and time fixed effects and obtain the residuals. The color coding
visualizes the 200 quantiles of the residuals across counties. Lighter colors indicate lower quantiles, while darker
colors represent higher quantiles for each respective skill type. The map has been plotted using the “bimap” package
in Stata (Naqvi, 2024).
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