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Abstract

In 2018, U.S. educational service exports totaled $50 billion, with over one mil-
lion international students enrolled. This paper measures U.S. local exports in
higher education services using student enrollment and expenditures and exam-
ines their impact on local labor market outcomes. Exploiting exogenous shifts in
international student enrollment in other high-income countries, I find that regions
experiencing larger positive demand shocks see relative employment gains com-
pared to less affected regions. These gains are primarily concentrated in low-skill
service sectors, university-related jobs, and among U.S. native workers. To assess
the aggregate effects, I build and estimate a spatial general equilibrium model fea-
turing trade in goods and export services. My findings indicate that U.S. educa-
tional service exports support nearly one million U.S. jobs. Amid ongoing debates
on restricting student visas in developed countries, these results suggest that such

policies could suppress local employment and economic activity in host countries.
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1 Introduction

Trade in services has expanded significantly over the past several decades, now ac-
counting for roughly a quarter to a third of total international trade (Eaton and Kor-
tum, 2018). The top sectors of service exports include tourism, financial services, inno-
vation, and education. Among these, higher education services have seen substantial
growth over the past three decades: until 2018, 5.3 million students pursued degrees
abroad, with 58% studying in the US, Canada, Australia, and the UK (UNESCO Insti-
tute for Statistics, 2021). The United States alone hosts over one million international
students—more than twice the number recorded in 2000 (Institute of International
Education, 2024). Other destinations, such as Australia, Canada, and the UK, have
experienced even more rapid growth in international student enrollment (see Table 1).
The surge in international student enrollment has raised growing concerns among
host countries. Post-COVID-19, there has been a spike in visa applications in several
major host countries, leading to proposed policies aimed at regulating student enroll-
ment.! Very recently, the United States has proposed a bill to ban student visas for
Chinese nationals, citing national security concerns related to intellectual property.
While international students may raise certain concerns in host countries, they also
serve as a crucial revenue stream for universities (Bound, Braga, Khanna and Turner,
2020). According to the U.S. Department of Commerce’s Bureau of Economic Analysis
(BEA), U.S. exports in educational services grew from $9 billion in 2000 to $50.2 billion
in 2023, making educational services the seventh-largest service export industry today.
While existing literature has extensively examined the impact of international student
enrollment from multiple perspectives (see page 5 for the literature review), the effects
of exporting educational services on local economies remain relatively understudied.
In this paper, I compile a rich dataset to estimate both the local and aggregate
labor market consequences of U.S. exports in higher education services. My analysis
proceeds in two steps. First, I provide reduced-form estimates of how local demand
shocks from exploring educational services affect local labor market outcomes between
2000 and 2018, leveraging variation across U.S. commuting zones (CZs). I construct
a shift-share instrument that assigns changes in international student enrollment in
other high-income countries to U.S. CZs based on immigrant enclaves and universities’

openness to international students. Second, to quantify the aggregate impact, I build

IFor example, in January 2024, the Canadian government implemented a cap expected to limit study
permit approvals to approximately 360,000—a 35% decrease from 2023 (Immigration, Refugees and Cit-
izenship Canada (IRCC), 2024). Since August 2024, the Australian government has also been actively
discussing a potential cap on international student enrollment, proposing a limit of 270,000 for 2025.
In the UK, effective January 1, 2024, international students not enrolled in postgraduate research pro-
grams are no longer permitted to bring family members to the UK (UK Government Report, 2024).



a spatial general equilibrium model that features trade in goods and exported services.
I structurally estimate model parameters to match the differential impacts implied by
the reduced-form estimates. Using this model, I assess the effects of exporting educa-
tional services on U.S. employment and highlight the underlying mechanisms.

Since trade is often recorded at the national rather than the regional level, shift-
share design, which maps aggregate shocks to local economies based on regional ex-
posure to industrial shocks, is a commonly used tool for estimating the labor market
consequences of aggregate trade shocks (Topalova, 2010, Kovak, 2013, Autor, Dorn and
Hanson, 2013, Adao, Arkolakis and Esposito, 2023). One key distinction in mine is
that I measure local exports in educational services using university-level data on in-
ternational student enrollment, tuition and fees, and expected living expenses. This
is made possible by leveraging the Integrated Postsecondary Education Data System
(IPEDS), which provides comprehensive data on U.S. universities including full-time
enrollment by degree type, enrollment by domestic student counts and nonresident, as
well as tuition fees and estimated living expenses (such as rent, food, and other ne-
cessities). These expense estimates are provided by universities to help prospective
students evaluate the cost of education and living.

The key variable in my empirical analysis is the local expenditure shock due to
international students, which is computed as the change in total expenditures by in-
ternational students (including both tuition and living expenses), relative to the CZ’s
gross consumption of goods and services in the initial year (2000). This variable cap-
tures the percentage change in local expenditure if the only thing changing since the
initial year was the arrival of international students and their expenses.? I refer to this
as the “local demand shock”.

The arrival of international students had notable and systematic uneven effects on
local demand across CZs since 2000. Among the 722 commuting zones, international
students led to an average 0.18% increase in local expenditure (inflation-adjusted), with
a standard deviation of 0.21%. The effects are large for small college towns and for CZs
that are home to many universities, ranging from -0.47 to 2.50%. The most affected CZs
are Campbellsville, Kentucky, home to Campbellsville University (2.50%); and State
College, Pennsylvania, home to Pennsylvania State University (2.46%). To understand
the plausibility of these local demand measures, I also find the temporary population
shock from changes in international student enrollment relative to CZ’s population in
2000 are in similar magnitude, which has an average of 0.20 %and a standard deviation

of 0.22 %.3

2Local gross consumption of goods and services is estimated using data from the Bureau of Economic
Analysis and the Consumer Expenditure Survey. See Section 2.3 for details.
30n average, international students (including both tuition and living expenses) spend a similar

2



During this period, the rise in international student enrollments was also observed
in many other developed countries that serve as host nations. The primary source
countries were developing economies, and the expansion of international student mo-
bility was driven by broader economic transitions (Bound et al., 2021), rising secondary
school attainment, and increasing post-secondary enrollment (Bird and Turner, 2014).
Additionally, the limited capacity of high-quality universities in many developing coun-
tries made foreign education more attractive. At the same time, destination countries
such as the UK, Canada, and Australia implemented student-friendly visa policies in
the early 2000s to attract international students. These policies streamlined visa ap-
plication processes and introduced immigration pathways that facilitated long-term
employment opportunities for graduates.

Given these external drivers of international student flows, I construct a shift-share
instrument that leverages changes in enrollment from the top 30 source countries to
Australia, Canada, and the United Kingdom combined, allocating them to U.S. CZs
based on immigrant enclaves and universities’ openness to international students. I
begin by estimating how university employment responds to local demand shocks using
cross-CZ variation. Using the instrument, I estimate that a 1% increase in the local
demand shock (driven by exports) led to a 1.57 percentage point (p.p.) increase in
the CZ’s university employment-to-population (working-age) ratio. CZs at the 75th
percentile of demand shocks experienced a 0.15 p.p. higher university employment-to-
population ratio compared to those at the 25th percentile.

The employment effects extend beyond the university sector. Local non-tradable in-
dustries—such as retail, construction, restaurants, wholesale, and hotels—experienced
notable employment gains in CZs that were more positively affected. The estimated
effects are meaningful: again, comparing CZs at 75th and 25th percentiles, the for-
mer saw relative growth in employment-to-population of 10.4% in university, 1.78% in
wholesale, 1.27% in retail, 4.42% in hotel, 1.12% in restaurant and drinking places.
These (relative) employment gain reflects both the local spending patterns of interna-
tional students and the role of these industries as key intermediate inputs in university
production. I also find that employment gains stem from increased labor force partic-
ipation and a decline in unemployment. All these conclusions hold both under the
state-level clustered standard errors and the confidence interval recently developed in
Adao, Kolesar and Morales (2019).

I take rigorous steps to address potential threats to identification. First, I demon-
strate that the estimated causal effects remain stable when controlling for changes

in domestic student enrollment, which accounts for potential crowding out of native

amount per capita as U.S. households.



enrollment (Borjas, 2007), as well as changes in university appropriations and other
revenue sources that often fluctuate with business cycles (Bound et al., 2020). Second,
the large influx of international students analyzed in this study coincided with a period
of systematic transformation in the U.S. local labor market. To assess the sensitivity
of my estimates, I control for CZ’s differential exposure to Chinese import penetration,
recession, automation adoption, technological change, as well as CZ-level labor sup-
ply proxies. While these factors influence employment outcomes with expected signs,
their inclusion modestly affects the magnitude of my point estimates. Third, I conduct
a falsification test by examining employment changes in the past, from 1990 to 2000.
The estimated effects are close to zero and become imprecisely estimated. The stable
estimates and the placebo test results further strengthen the credibility of my causal
estimates.

In the long run, international students could contribute to local labor supply shocks
if they remain in the U.S. labor market after graduation. I show the estimated em-
ployment gain is not a result of increasing labor supply from “former” international
students. Specifically, I estimate the reduced-form regression separately for native
workers and for workers who are unlikely to be former international students on stu-
dent visas.* I find that much of the employment gains are realized among US natives
and immigrant workers who are not former international students.

Since university students tend to live and spend near their campuses, employment
responses may vary by industry and by geographic proximity to universities. To inves-
tigate the intra-CZ geography of employment responses, I use County Business Pat-
terns (CBP) data, measuring local outcomes, demand shocks, and the instrument all
at the county level. Estimating the model with CZ fixed effects, I find that employ-
ment responses strongly depend on the geographic extent of an industry’s products. In
restaurants, drinking places, and retail, where proximity to university campuses is cru-
cial for serving growing student demand, employment growth is stronger in university
counties compared to other counties within the same CZ. In contrast, in construction,
transportation, and wholesale, where employees can commute to deliver goods and ser-
vices, employment growth is relatively higher in non-university counties within CZ.

Finally, I build a spatial general equilibrium model incorporating exports in both
goods and educational services. In the model, U.S. CZs trade manufactured goods and
educational services with each other and with the rest of the world (ROW), follow-
ing a standard spatial model of trade (Allen and Arkolakis, 2014). Educational ser-

vices are modeled as a composite consumption bundle of two industries: university ser-

4Using the American Community Survey, I identify likely former-international-student workers based
on characteristics (Peri and Basso, 2016). See Section 5 for details.



vices and local non-tradable. Workers are perfectly mobile across industries and decide
whether to work. Exports of educational services affect local non-tradable industries
through two channels: (1) student consumptions; (2) university production relies on
non-tradable as intermediate inputs (Caliendo and Parro, 2015). I calibrate the model
to match 2018 U.S. data and estimate the structural parameters using indirect infer-
ence, where the model implied differential effects across counties aligning with that in
the reduced-form estimates.

Using the estimated model, I simulate a counterfactual scenario in which educa-
tional service exports are reduced to zero. Since this counterfactual differs from reality
only in the absence of educational service exports, the estimated employment effect
speaks to that of education exports alone. I find that U.S. educational service exports
generate 948,000 jobs in aggregate.

I compute two model predictions to study the plausibility of this large employment
gain I find. First, the model implies a spending multiplier of 1.96, which operates
through rising income and consumption among local residents. Second, I compute the
model-implied cost per job. Both measures are similar to previous literature estimates
(Chodorow-Reich, 2019), thus bolstering the credibility of my findings.

The economic literature has examined international students from multiple per-
spectives. Early work follows closely to the immigration literature. One major focus is
on the determinants and selectivity of international student flows. Rosenzweig (2006)
proposes a theory suggesting that limited educational opportunities in home countries
and the high labor market returns in destination countries are two key drivers of stu-
dent mobility. Empirically, factors such as the scarcity of high-quality educational
resources in home countries (Bound, Turner and Walsh, 2009), a country’s GDP per
capita, and the size of the college-aged population (Bird and Turner, 2014) are strong
predictors of international student enrollment. Another important strand of research
examines whether international students crowd in or crowd out domestic students in
educational institutions. Borjas (2007) finds evidence of crowding out in graduate pro-
grams, particularly among white native men. In contrast, more recent studies suggest
that revenue generated from international students cross-subsidizes domestic students
(Shih, 2017) and compensates for state budget cuts faced by public research universi-
ties (Bound, Braga, Khanna and Turner, 2020). See Bound, Braga, Khanna and Turner
(2021) for a review.® More recently, Khanna, Shih, Weinberger, Xu and Yu (2023) argue
that the rise in Chinese international student enrollment in the U.S., driven by China’s

rapid economic growth and its integration into the world economy, has generated a no-

5For discussions on the selectivity of foreign-born doctoral students in the U.S., see Grogger and
Hanson (2013); for their location choices after graduation, see Grogger and Hanson (2015).



table surplus in service trade. My work differs from the existing literature in both its
methodology and its focus on the labor market effects on the exporting country.

My instrumental strategy leverages international student enrollment growth in
other developed countries, inspired by Autor, Dorn and Hanson (2013). Recently, Mon-
ras (2020) exploits the unanticipated Mexican Peso crisis to study the local wage re-
sponses to the inflow of low-skilled migrants from Mexico. In his case, the push fac-
tors also contribute to exogenous variation for identification. Burchardi, Chaney and
Hassan (2019) investigates time-series variations in origin-specific push factors and
destination-specific pull factors over a century to allocate immigrants across U.S. coun-
ties by origin.® Both approaches combine exogenous supply and demand factors to
improve identification over the classical instrument in Card (2001), which relies solely
on exogenous shares (Goldsmith-Pinkham, Sorkin and Swift, 2020). Complementing
those papers, my approach leverages exogenous shifts that are unlikely to be driven
by unobserved demand shifts and demographic changes in US regions (Borusyak, Hull
and Jaravel, 2022, Adao, Kolesar and Morales, 2019).”

My paper also relates to the growing literature that uses quantitative spatial equi-
librium models to analyze the consequences of aggregate or local shocks Monte et al.
(2018), Albert and Monras (2022), Adao et al. (2023). I build on the framework devel-
oped in Allen and Arkolakis (2014), Redding (2016), and Redding and Rossi-Hansberg
(2017) to incorporate exports in educational services, a new element in this class of
quantitative frameworks. My focus on exporting services is also closely related to Faber
and Gaubert (2019), who studies how exporting tourism services drives the long-run
development in Mexico. My overall approach—using reduced-form estimates to assess
differential impacts across regions and employing a general equilibrium model to evalu-
ate the aggregate impact—is similar to that of Kline and Moretti (2014) and Donaldson
and Hornbeck (2016).

2 Data and Empirical Approach

This section discusses empirical specification and the data source. My empirical esti-
mation focuses on the period between 2000 and 2018, which is chosen because of the

surge of international student enrollment at this time, and data availability.®

6Burchardi et al. (2019) use time-series variations in origin-specific push factors and destination-
specific pull factors over a century to allocate immigrants across U.S. counties by origin. This time-series
variation is absent in my instrument.

"For valid inference, the asymptotic consistency requires none of the source countries dominate in the
initial period. In Section 3.2, I show the effective sample size is relatively high.

8Data on university tuition and expected living expenses were published for only a small set of uni-
versities before 2000.



2.1 Data Source

The choice of geographic units involves a tradeoff: while larger units, such as com-
muting zones (CZ), might dilute the intensity of the shock as the geographic boundary
expands, they are conventionally used in the recent literature in better capturing the
spillover of demand shocks. In contrast, since there are substantial differences across
US counties in the share of employees who live in nearby counties (Monte, Redding and
Rossi-Hansberg, 2018), I use CZ in my baseline analysis. Results using cross-county
variation will be discussed in Section 5.2 and Appendix B. Below, I briefly describe the

data sources, with further details provided in Appendix A.

Integrated Postsecondary Education Data System (IPEDS). IPEDS provides com-
prehensive information on all U.S. postsecondary institutions. It includes university-
level information on full-time enrollment by degree type, by domestic students and non-
resident aliens, university employees, and financial information. Importantly, IPEDS
provides information on in-state and out-of-state tuition fees, as well as costs associ-
ated with housing, books, rentals, food, and other living expenses. See Appendix Table
C.2 for several examples. These information often are collected to inform prospective
students about expected college-related expenses.

I classify international students as "nonresident aliens" in IPEDS—students who
are not U.S. citizens, hold temporary visas, and do not have the legal right to remain
in the country indefinitely. I focus on full-time international students enrolled in bach-
elor’s, master’s, and associate degree programs, excluding Ph.D. students, as most re-
ceive scholarships and stipends. To measure local exports in educational services, I use
full-time enrollment and tuition fees, aggregating the data to the CZ level. Throughout
this paper, university sector employment refers to full-time university employees from

IPEDS, aggregated to either the CZ or county level.

Labor Market Variables. Labor market variables, including employment, labor force
participation, and income, are obtained from the Census Integrated Public Use Micro-
data Samples (IPUMS) (Ruggles et al., 2024) for the years 1990 and 2000, as well as
from the American Community Survey (ACS) (2015-2019), which I use to represent
2018. I restrict the sample to the working-age population (16—65 years old), and all
variables are aggregated to 722 CZs. Employees are those whose employment status is

“employed” and earn a positive salary.

Consumption in Goods and Services. To my knowledge, the CZ level consumption
in goods and services is not directly available in any existing data source. I combine

three data sources to construct this measure. First, I extract state-level consumption in
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goods and services from the Bureau of Economic Analysis (BEA). I then use Consumer
Expenditure Survey and American Community Survey (ACS) to allocate state-level

consumption to CZs (see Appendix A.2 for details).

UNESCO Institute for Statistics. I use data from the UNESCO Institute for Statis-
tics to measure the number of international students from the 30 largest source coun-
tries studying in three major English-speaking destinations: Australia, Canada, and
the United Kingdom.® These variables are used to construct the shift-share instru-

ment.

2.2 Empirical Specification

The arrival of international students boosts local consumption in certain industries and
could potentially lead to an increase in local labor demand and wages. I estimate the
following equation which links changes in employment-to-population ratio in industry

k to expenditure shocks as follows

E N R N
A—:El)nprk = ﬁk : er + gr‘k + urk' (1)
op,.

Emp,,, Emp_;
Pop,., Pop,.,_1

. . E
The outcome variable is defined as: A ff;grk =

r

. The choice of employment-
to-population ratio as dependent variable aligns with several recent studies (Autor
et al., 2013, Acemoglu and Restrepo, 2020).
The main regressor is local expenditure shock, X/, and is defined as
« AXS
Xl =="" (2)

t—

&

The numerator, AX/ = Xl — XTftfl, is the change in r’s gross consumption (aggregating
all industries) from international students between time ¢ — 1 and ¢. The denominator,
X1, 18 CZ gross consumption in the initial year. The interpretation of /'\Afrf is intuitive:
it captures the percentage change in local expenditure if the only factor changing since
2000 is the arrival of international students and their spending.

The coefficient (5, captures the reduced-form effect of a local expenditure shock on
k-industry employment. In Appendix F, I present a simple general equilibrium model
to motivate the reduced-form estimating equation in (1), demonstrating that 5 is de-

termined by several factors. First, it depends on labor supply elasticity. Second, it

9The source countries include China, Japan, Korea, India, Canada, Thailand, Indonesia, Malaysia,
Mexico, Germany, Turkey, Hong Kong, Brazil, United Kingdom, Russia, France, Pakistan, Venezuela,
Colombia, Saudi Arabia, Spain, Bangladesh, Italy, Kuwait, Nigeria, Australia, Nepal, Iran, Vietnam,
and Oman. The data are available under the Sustainable Development Goals (SDG) theme of education,
specifically under international student mobility statistics.
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is influenced by the expenditure share of international students in industry k. Third,
input-output linkages play a role, particularly the extent to which k-industry serves as
key intermediate inputs in university production.

The regression residual consists of two components: other unobserved local labor
demand shocks occurred contemporaneously, denoted as G,;, and an unobserved labor

supply shock, U, .

2.3 Measuring Local Demand Shocks

The measurement of irf requires two sets of information. First, AX/ is the change in
total expenditure of international students (also r’s exports in educational service). It

is estimated as:

AXS = Z (Experft(w)Enrlft(w) —Experft_l(w)Enrlft_l(w)>. 3)

we,

Here, Enrl/,(w) is the number of full-time international student enrollment in univer-
sity w in year t. ), denotes the collection of universities in CZ r. Exper/,(w) denotes the
average expense per full-time international student, which includes tuition fees as well
as living expenses. While IPEDS reports tuition and fees separately for in-state and
out-of-state students for public institutions, they do not explicitly separate tuition and
fees for international students. In practice, international students might be charged
the same or additional fees compared to out-of-state students. However, such infor-
mation is not available. I measure Exper/,(w) using the sum of three components:
out-of-state tuition and fees, on-campus rent, and other living expenses. Expenses are
inflation-adjusted in 2000 dollars.

Although Experft (w) may not perfectly capture actual expenditures, they serve as a
good proxy for the aggregate students’ spending on the local community. According to
IPEDS, the total expense from full-time international students grew from 8.9 billion in
2000 to 30.8 billion in 2018.1°

The denominator, X,;_1, is the gross consumption of goods and services in year 2000.
To the best of my knowledge, such data is not directly available. I adopt two ways to
measure the denominator. My baseline measure is based on personal consumption of
goods and services. I extract data on the state-level personal consumption of goods and
services available at the BEA. After that, I project household consumption on a rich

set of household characteristics using Consumer Expenditure (CE) Survey, to allocate

0Note that this value is lower than the BEA report, which also includes revenue from other educa-
tion programs such as summer schools, short-term exchange programs, language immersion programs,
professional training or certification courses, and other temporary academic programs where students
reside in the U.S.



state-level consumption to CZ-level taking into account variation in CZ’s household
characteristics (See Appendix A.2).

Appendix Table C.1 compares the average expenses of international students, do-
mestic students, and U.S. households per capita. In both 2000 and 2018, international
students’ expenses were more than twice those of domestic students. International
student per capita expenses are similar to U.S. household per capita expenses.

My alternative measure incorporates government spending in the denominator.!!
Here, the only difference from the baseline measure is that X,; ; equals the sum of
the (imputed) CZ’s personal consumption and government spending. Again, data on
government spending are available at the state level from the US census. I allocate
state-level government spending to CZ using population shares. The two measures
exhibit a correlation of 0.98 and the choice has little impact on the estimated results
(see Section 4.4).

International students had notable and systematic uneven effects on local demand
across CZs. The left panel of Figure 1 maps the changes in international student ex-
pense relative to the initial year total local expenditure. Darker color denotes regions
with more positive demand shock. Among the 722 commuting zones, 521 has at least
one university. On average, international students led to 0.18% increase in local con-
sumption (inflation-adjusted), with a standard deviation of 0.21%.

The right panel lists the most affected CZs in terms of /'\A’Tf , as well as the major
university hosted. The effects are large for small college towns and for counties that
are home to many universities, and the magnitudes are as large as 2.50% in Camp-
bellsville, Kentucky, and 2.46% in State College, Pennsylvania. Cities that are home to
major state universities, such as Champaign, Illinois, Bloomington, Indiana, Pullman,
Washington, Auburn, Alabama, and Lansing, Michigan, are on the lists. In contrast,
regions without a university receive zero demand shocks.

In some estimations, I also use the changes in enrollment relative to the CZ’s initial

population, which measure temporary population shocks and are defined as:

Zwem AEnrlff (w)

Pl -
Poprt—l

; 4)

where AEnrl/ (w) is the change in full-time international student enrollment at univer-
sity w between 2000 and 2018, and Pop,, , denotes the local population in 2000. P/ and
/ﬁf are in similar magnitude and strongly correlated: 75,f has an average of 0.20 and a

standard deviation of 0.22 , the correlation is 0.91.

HTn 2000, the US totaled 7.083 trillion dollars in personal consumption and 1.3 trillion in government
spending.
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Figure 1: The Local Expenditure Shock From Educational Exports and the Most Affected Commuting Zones
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is given in the parenthesis. The shock values are multiplied by 100, so each value represents the percentage changes relative to the initial

population or consumption in 2000.



3 Instrumental Strategy

Estimating equation (1) using Ordinary Least Squares (OLS) may cause endogeneity
concerns. One issue is that universities in economically thriving areas are more likely
to expand and become attractive for international students. In this case, X/ could be
correlated with local demand or supply factors, G, and U,

A second concern is the measurement error in X/: the student expenses are based
on universities’ estimated costs, which may not perfectly reflect actual expenditures.
This section motivates and introduces an instrument that exploits factors exogenous to

U.S. labor market conditions.

3.1 Motivating the Exogenous Shifts

Table 1 presents the number of international students enrolled in the United States
versus the combined total for three other English-speaking countries (Australia, Canada,
and the United Kingdom). Panel A displays the top five source countries that sent in-
ternational students to the United States in 2000, with the total number shown in the
first row.

Over the study period, international student enrollments increased substantially,
not only in the U.S. but also in other developed countries. As shown in the first row, the
number of international students in the U.S. more than doubled, rising from 452,000 in
2000 to 987,000 in 2018. The growth in Australia, Canada, and the UK was even more
pronounced, with combined enrollments increasing from 366,000 to 1,108,000.

This expansion in international student enrollment was also accompanied by no-
table shifts in the composition of source countries. In 2000, China, Japan, Korea, and
India were the four largest contributors to the U.S. international student population,
each sending between 35,000 and 47,000 students. However, these countries followed
markedly different trajectories over time. By 2018, China and India had emerged as
the dominant sources of U.S. international students. The number of Chinese students
surged sevenfold, from 46,900 in 2000 to 333,900 in 2018, while the number of Indian
students grew nearly fourfold, from 34,500 to 135,900. Korea experienced only modest
growth, with student numbers increasing from 36,200 to 52,400. In contrast, Japan,
which was the second-largest source country in 2000, saw a sharp decline, with enroll-
ments dropping from 42,700 to just 14,900.

A similar pattern is observed in Australia, Canada, and the UK, as reported in the
final three columns. These three countries collectively attracted an additional 309,700
Chinese students and 119,300 Indian students over the period while also experiencing

a decline in enrollments from Japan.
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Panel B shows enrollment data for other source countries, not ranked top 5 in 2000,
but had experienced increasing outflow of students to developed countries. Countries
such as Saudi Arabia, Vietnam, Nepal, Iran, and Nigeria had relatively low interna-
tional student outflows in 2000 but experienced dramatic increases in student migra-
tion to both the U.S. and the other three destinations over the two decades.

While student flows vary across source countries, a given source country tends to
experience simultaneous increases or decreases in student flows to both the U.S. and
other destinations. Several factors contribute to this pattern. The first is differen-
tial economic development and growth across source countries. Over the two decades
covered in this study, China, India, and Southeast Asian countries experienced rapid
economic growth, enabling more families to afford the costs of higher education abroad
(Bound, Braga, Khanna and Turner, 2020). In contrast, Japan’s declining interna-
tional student numbers coincide with prolonged economic stagnation, characterized by
low growth and deflation since the 1990s. Rising tuition costs in the U.S. and declin-
ing disposable incomes in Japan may have further discouraged Japanese students from
pursuing higher education abroad. Appendix Figure D.3 reveals a strong positive asso-
ciation between economic growth and the propensity for international student outflows:
countries that experienced faster economic growth were increasingly likely to send stu-
dents abroad for higher education. This positive relationship aligns with the empirical
findings of Bird and Turner (2014), who show that home-country economic conditions
and exchange rate fluctuations predict changes in international student enrollment.

Second, increasing secondary school attainment in many developing economies has
also led to a growing demand for higher education abroad.'? However, the rapid rise in
student populations has outpaced the expansion of university capacity in these coun-
tries, creating significant demand for higher education and fueling the growth of in-
ternational student mobility (Bound et al., 2009). Third, in the early 2000s, competing
destinations such as the UK, Canada, and Australia implemented student-friendly visa
policies to attract more international students. These policies simplified visa applica-
tion processes and introduced immigration pathways that provided clearer opportuni-

ties for long-term employment after graduation.!3

2In China, for instance, secondary school enrollment grew by 15 million between 1997 and 2017,
reaching approximately 83 million. Over the same period, post-secondary enrollment surged by 38 mil-
lion, increasing from a baseline of about 6 million. India experienced a similarly dramatic expansion,
with secondary school enrollment rising by 61 million and post-secondary enrollment increasing by 27
million between 1997 and 2017 (Bound et al., 2021).

13For example, the UK launched the Prime Minister’s Initiative (PMI) in 1999 to increase interna-
tional enrollment and expanded it in 2006 with the introduction of the Post-Study Work Visa, which
allowed graduates to remain in the country for two years. Canada strengthened its appeal through
the Post-Graduation Work Permit (PGWP), which extended post-study work rights to three years, and
the Canadian Experience Class (CEC), which provided a direct route to permanent residency for in-
ternational graduates. Similarly, Australia streamlined visa processing through the Streamlined Visa
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Table 1: International Students to Developed Countries (in thousands) by Top Origins

United States Other Three Countries

Source 2000 2018 Changes 2000 2018 Changes
Panel A: Top Source Countries in 2001

Total 451.9 987 535.1 366.4 1107.8 741.5
China 46.9 333.9 287.0 124 322 309.7
Japan 42.7 14.9 -27.8 9.3 6.9 -2.5
Korea 36.2 52.4 16.2 5.6 194 13.8
India 34.5 135.9 101.4 8.4 127.7 119.3
Canada 20.9 26.5 5.6 4.6 8.9 4.4

Panel B: Other Major Source Countries in 2018

Saudi Arabia 4.5 47.3 42.8 2 17.1 15.1
Vietnam 1.5 25.6 24.1 1.5 22.1 20.6
Nepal 2.2 14.4 12.2 2 33.7 33.5
Iran 1.5 11.8 10.3 1.5 7.9 6.5

Nigeria 2.6 12.8 10.1 2.4 19.6 17.2

Notes: The data is sourced from the UNESCO Institute for Statistics. The first three columns
report the number of international student enrollments in 2000 and 2018, along with the change
over this period. The last column aggregates the changes for Australia, the UK, and Canada.
All values are reported in thousands. Panel A presents the top five origin countries in 2000,
while Panel B lists other origin countries that experienced an increase in enrollment during this
period. For Canada, the reported figures exclude Canadian students who studied domestically.

3.2 The Shift-Share Instrument

Motivated by the aforementioned external factors, I construct a shift-share instrument
utilizing changes in international student enrollments in three other countries. First,

I project international student inflow to each US university, w, as follows

AEnrl*®Y(w) = Z [5619990 x 52090 () x AEnrl‘;CU] (5)

g
where AEnrlﬁCU represents the overall change in international student enrollment to
universities in other developed countries, Australia, Canada, and UK combined. g is
one of the 30 major source countries.

The term S* denotes the share of immigrants from source country g who resided
in state cin 1990. To compute this, I use data from the 1990 IPUMS Census, restricting
the sample to immigrants aged 18 to 65. Here, I measure immigrant enclaves at the
state level, a more aggregated geographic unit than U.S. commuting zones (CZs)—do
so allows me to exploit variation in university’s openness to international students,
S2090(w)), when allocating students across regions. Specifically, 5?°°(w) is the share of

international students attending university w relative to the total number of interna-

Processing (SVP) system and introduced the 485 Graduate Work Visa in 2007, granting graduates up to
18 months of post-study employment.
14The enrollment data for all the top 30 source countries are provided in Appendix Table C.3.
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tional students hosted by state c in the initial year. I estimate S2""°(w) using IPEDS
data from the year 2000.1°

The shift-share instrument is constructed as

L Qe AEnrl*“Y (w)

Z, = : (6)
Poprt—l

The numerator adds up, AEnrlACU(w), the projected changes in international student
enrollment to each university within CZ r. The denominator is the CZ-level population
in 2000. Z, is interpreted as the predicted local population shock due to international

students.

Identification and Inference. The strategy of leveraging outcomes from other coun-
tries is inspired by Autor, Dorn and Hanson (2013) and has been adopted in the study
of automation (Acemoglu and Restrepo, 2020). To illustrate the exogenous component

that provides identification, one can write
AEnrl‘;‘CU =N, ;OOO X M;’%]gU X 7'gACU (7)

where N?° denotes the population with secondary education completion (the potential
university applicants) in country g, with a share of M;%2, live in Australia, Canada,
and UK combined in 2000. 7AY is the growth rate of g-group enrollment to other three
countries combined that can be expressed as 7;ACU = N,M, scv — 1. Now, it is clear
that the growth can be attributed either to changes in secondary school population
(Ng) or to increases in the propensity of receiving education abroad (Mg7 ac0)-t6 In my
setting, identification requires that 7;ACU satisfies the conditional mean independence

assumption (Borusyak et al., 2022, Adao et al., 2019).

One key difference between the identification assumptions in Borusyak et al. (2022)
and Adao et al. (2019) is that the former relies on aggregate industry-level variables,
while the latter uses industry-region-specific variables. Consequently, in Adao et al.
(2019), the number of regions also contributes to the degrees of freedom, provided they
are appropriately clustered based on similarities in shares. Throughout this paper,
I report both state-level clustered standard errors and Adao et al. (2019) confidence
intervals in all estimation results.

To assess the effective number of exogenous shifts that contribute to identification,
I compute the Herfindahl-Hirschman Index (HHI) of the aggregate exposure shares, as

1

suggested by Borusyak et al. (2022). The HHI is defined as S where s, represents

15The IPEDS data for 1990 is not available to measure full-time international students.
16Here, N, = NgQ()“‘/NQQO00 and My acu = Mg%U/MggggU.
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the share of U.S. international student enrollment from country ¢ in the year 2000,
based on data from the UNESCO Institute for Statistics. Using 30 source countries to
construct the instrument, the HHI suggests an effective number of shifts of 26, indicat-
ing that no single country dominated international student enrollment in 2000.%7

This instrumental strategy is also closely related to recent immigration instruments
constructed by Monras (2020) and Burchardi, Chaney and Hassan (2019). Monras
(2020) exploit the currency crisis that led to an unanticipated influx of Mexican immi-
grants into the U.S., while Burchardi, Chaney and Hassan (2019) leverage time-series
variations in origin-specific push factors and destination-specific pull factors over a
century. Both approaches improve causal identification by combining exogenous supply
and demand shifts, building on Card (2001), whose immigration settlement instrument
relied solely on historical shares being exogenous (Goldsmith-Pinkham et al., 2020).

It is also worth mentioning that I construct the instrument based on enrollment
shocks, ensuring that it is free from errors arising from measuring the expected ex-
penses. In practice, the instrument can mitigate measurement error issues if the un-
derlying supply factors driving the inflow of international students from a particular
origin country are unrelated to how the actual student consumption deviates from the
expected expenses. For this condition to hold, source countries experiencing faster eco-
nomic growth—and thus expected to send a larger number of students—must have
actual student expenditures that, while potentially differing from expected levels, do
not systematically deviate from those of students from other countries that send fewer
students. This assumption ensures that any measurement errors in CZ-level consump-
tion shocks are not correlated with the composition of international students.

Appendix Figure D.2 plots the observed and projected changes in international stu-
dents across US CZs. It reveals a strong predictive power: a (predicted) unit increase
in international students to a U.S. CZs corresponds to a 0.36 (s.e.=0.0080) of the actual

increase, with an R-square of 0.80.

4 Estimation Results

This section presents the estimation results. All models are estimated using one-time
changes between 2000 and 2018 for over 722 U.S. CZs. Observations are weighted by
working-age population in 2000. State-level clustered standard errors (in parentheses)

and AKM confidence intervals are reported in all models.

"These 30 countries account for over 98% of the changes in international student enrollment.
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4.1 Employment Responses in University Industry

I first estimate changes in the university employment-to-population ratio on X,, instru-
mented by Z,. Table 2 presents the estimates under various specifications. Column (1)
reports a sizable and statistically significant coefficient when only controlling for nine
division fixed effects, and a regression constant. The estimated coefficient of 1.722
(s.e.=0.610) indicates that a one percent increase in the local expenditure due to inter-
national students (relative to the level in 2000) leads to a 1.72 p.p. increase in local
university employment to population ratio.

If certain regions are expected to experience secular expansion, local universities
might also attract more domestic students. In contrast, international students might
have crowded out native students (Borjas, 2007). This suggests that international stu-
dent enrollment may indirectly impact local outcomes by affecting domestic student
enrollment. To address this potential confounder, I control for changes in the domestic
enrollment-to-initial population ratio, computed as:

30, AEDII ()

Anative
PT B Poprtf 1 ’ (8)

where AEnr1™®"®(w) denotes the change in full-time enrollment of domestic students.
With this control, the results show that an increase in domestic enrollment is posi-
tively associated with university employment, with a coefficient of 1.073 (0.245).'® Im-
portantly, the coefficient of interest decreases modestly in Column (2), falling to 1.319
(0.582).

Appropriations and other revenue sources fluctuate with business cycles, and tu-
ition fees from international students serve as important revenue streams for pub-
lic universities, particularly during economic downturns (Bound, Braga, Khanna and
Turner, 2020). To account for this factor, I construct changes in universities’ revenue

shocks from other sources as follows:

‘)évother _ ZweQr A‘Xv?ther(w> (9)
" B X t—1 ,

where the numerator is university revenue changes from various non-tuition sources,
including appropriations (local, state, and federal), investment returns, and other rev-
enue streams, aggregate to the CZ level. The denominator remains as CZ consumption
in the initial year. Data on university revenue are available at IPEDS. Column (3) indi-

cates that an increase in universities’ other sources of revenue is positively associated

18Note that, this coefficient for PatVe is estimated using OLS and might not have a causal interpreta-
tion. The magnitude of this coefficient is comparable to the OLS estimates for X " in column (7).
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with employment outcomes, though imprecisely estimated. Importantly, incorporating
this measure results in only modest changes to the main coefficients of interest.

The large influx of international students analyzed in this study coincides with a
period of systematic transformation in the U.S. local labor market. Several economic
shocks, such as import competition and technology adoption, that negatively affect la-
bor demand in manufacturing industries might lead to a worker relocation to other
industries. Next, I test whether my results are potential confounding to these factors.
All control variables are standardized to have a standard deviation of one.

China’s productivity and economic growth have not only driven the increase in
Chinese imports to the U.S. (Autor et al., 2013), but might also in part contributed
to the rise in Chinese international student enrollment in the U.S. (Khanna, Shih,
Weinberger, Xu and Yu, 2023). The increases in Chinese students could further mo-
tivate trade and FDI between China and the US (Burchardi et al., 2019). To address
this concern, in Column (4), I augment the model with a shift-share control of exoge-
nous regional import penetration from China, constructed using export growth to other
advanced economies between 2000 and 2012 (Autor et al., 2021). Because the shift-
share control is constructed using manufacturing employment share only (incomplete
shares), I also control for initial manufacturing employment share (Borusyak et al.,

2022). Incorporating these two controls does not alter the coefficient of interest.'®

U.S. regions have experienced varying impacts from technological changes and au-
tomation shocks. To account for this, I include two sets of controls. The first is the
exogenous regional shift-share automation shock (using robot adoption to other coun-
tries), taken from Acemoglu and Restrepo (2020). The second set includes the percent-
age of employment in routine occupations and the offshoring index, which measures
the extent to which occupations in a CZ require neither proximity to a specific worksite
nor face-to-face contact with U.S.-based workers, following Autor and Dorn (2013).

During this period of my study, regions were also differentially exposed to the 2007
Great Recession, which was characterized by substantial job losses and relatively mod-
est wage adjustments. Recent studies have shown that while regions heavily impacted
by the recession experienced a rapid recovery in unemployment rates, the effects on
employment-to-population ratios have persisted (Yagan, 2019). I control for local ex-
posure to the Great Recession, following Autor et al. (2021), which calculates shocks
based on the annualized log change in national employment by industry between 2006

and 2009 across 479 SIC industries.?° A similar shift-share measure has been used in

9While China shock has no impact on university employment, I show it indeed reduces manufacturing
employment, see Appendix Table C.4 column (8).
20These shocks are mapped to regions using local industry exposure shares in 2000.
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Hershbein and Kahn (2018).

Table 2: The Effects on University Employment using Expenditure Shocks

2SLS OLS
(1) (2) (3) 4) (5) (6) (7
Panel A: changes in university employment/population ratio 2000-2018
)Qrf"reign 1.722 1.319 1.315 1.364 1.492 1.576 0.611
(0.610) (0.582) (0.580) (0.602) (0.574) (0.594) (0.270)
ﬁfaﬁve 1.073 1.077 1.077 1.080 1.158 1.331
(0.245) (0.244) (0.244) (0.235) (0.244) (0.234)
other 0.118 0.103 0.092 0.106 0.116
(0.083) (0.081) (0.075) (0.077) (0.081)
China shock 0.017 0.078 0.092 0.075
(0.094) (0.084) (0.090) (0.077)
Manufacturing % 0.071 0.074 0.055 0.056
(0.079) (0.091) (0.102) (0.094)
Automation 0.085 0.082 0.079
(0.023) (0.023) (0.020)
Routine 0.098 0.098 0.084
(0.107) (0.107) (0.092)
Offshoring -0.094 -0.064 -0.063
0.077) 0.077) (0.066)
Recession 0.156 0.135 0.151
(0.077) (0.071) (0.078)
Num. of Children 0.056 -0.006
(0.049) (0.043)
Average Age 0.135 0.077
(0.058) (0.055)
F-stat 35 29 29 30 37 35
AKM CI [1.71, 2.89] [1.85,2.82] [1.93,3.17] [1.91, 3.10] [1.96, 3.28] [1.52, 2.83] [0.54, 0.

Panel B: pre-trend changes in university employment [ population ratio 1990-2000

X foreign 0.221 0.285 0.399 0.379 0.383 0.396 0.208
(0.213) (0.215) (0.217) (0.212) (0.213) (0.224) (0.101)

AKM CI [-0.17,0.76] [0.02, 0.75] [0.30, 0.79] [0.27, 0.77] [0.27, 0.78] [0.27, 0.84] [0.15, 0.

94]

30]

Notes: The table reports 2SLS estimates using expenditure shocks in Columns (1)—(6) and OLS
estimates in Column (7). In Panel A, the dependent variable is the change in the university
employment-to-population ratio in the commuting zone between 2000 and 2018. In Panel B, the
dependent variable is a placebo outcome, representing changes between 1990 and 2000. Control
variables are standardized to have a unit standard deviation. All models include nine-division
fixed effects and use one-time changes between 2000 and 2018 for 722 commuting zones (N
= 722). Observations are weighted by the working-age population in 2000. Standard errors,
reported in parentheses, are clustered at the state level. The F-stat is based on the Kleibergen-
Paap Wald F statistic that clusters observations at the state-level. AKM 95% confidence inter-

vals are reported for each model.

These positive coefficients for China, automation, and recession shocks might pick

up some potential labor reallocation from manufacturing to the university sector in re-

gions more exposed to negative demand shocks, though not all are precisely estimated.

More importantly, the main coefficient of interest remains stable, which is 1.492 (0.574)

as shown in Column (5). The evidence shows that local expenditure shocks from edu-

cational exports represent a distinct source of variation in affecting outcomes, separate

from these negative demand shocks.

Another component of the structural residual could be unobserved labor supply
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shocks. To account for this, I include the number of children per household and the
average age of local residents as proxies for labor supply. The sensitivity of estimates
may indicate potential endogeneity in shift-share instruments.?! Column (6) reports a
relatively stable coefficient of 1.576 (0.594). Moreover, the first-stage regression yields
a strong Kleibergen-Paap F-statistic, exceeding 29 in all cases.

To better interpret the magnitude, consider commuting zones at the 75th and 25th
percentiles. The estimates in Column (6) suggest that the former would experience a
0.15 p.p. increase in the university employment-to-population ratio.?? This corresponds
to 10.4% increase in university employment-to-population ratio.?

To compare the OLS and 2SLS estimates, Column (7) presents the OLS results with
the full set of controls, where the coefficient declines to 0.611 (0.270). OLS estimates
may be biased due to both measurement error and potential correlation between un-
observables and local export shocks. The systematic difference between the 2SLS and
OLS estimates (1.576 vs. 0.611) provides evidence that the IV strategy helps correct
for endogeneity bias, which would otherwise attenuate the point estimate toward zero.

To further validate the results, I conducted falsification tests using pre-trend out-
comes, based on employment-to-population changes between 1990 and 2000. Panel B
reports the corresponding estimates, with each column containing the same set of con-
trols across panels. The coefficients appear to be positive, small, mostly imprecisely
estimated, and less stable in the range of 0.221-0.399 for the 2SLS estimates. Given
that international student enrollment grew steadily during the 1990s, this trend might
be partially captured in these small and positive coefficients. However, the highly im-
precise estimates provide reassurance that the estimated employment effects between
2000 and 2018 are unlikely to be confounded by secular changes in regional employ-
ment.

Adao, Kolesar and Morales (2019) show that, to a first-order approximation, struc-
tural residuals are often shift-share aggregators of unobserved local shocks across in-
dustries, with the shares corresponding to local industrial employment shares.?* This
underlying spatial dependence in the residuals can lead to incorrect standard error
estimates. To address this, I estimate CZ industry employment shares using 3-digit

NAICS codes. In all tables presented in this paper, I report 95% confidence intervals

21Since data on immigrant enclaves is partially used in constructing the instrumental variable, I do
not include the local foreign-born population share as a proxy.

22This effect is computed as 100 x 1.576 x 0.00096. The 75th and 25th percentiles of Xfreign are 0.00096
and 0, respectively.

23The values are obtained using the aggregate university employment-to-population ratio, which is 1.4
percent for the US.

24Note that spatial dependence in the residuals and potential inference issues arise from the shares
entering the structural residuals, rather than from the share of immigrant enclaves used in constructing
the IV.
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developed by Adao et al. (2019) (hereafter, AKM 95% CI). In Table 2, consistent with

the baseline estimates, the confidence intervals do not contain zero.?’

4.2 Beyond University Employment

Next, I examine the employment effects on local industries beyond the university sec-
tor. All models are built on the specification in column (6) with the full set of controls.
The dependent variable of interest is the change in the industry-specific employment-
to-population ratio between 2000 and 2018. These industries are either those that stu-
dents tend to consume from or those whose outputs serve as important intermediate
inputs for university production. Appendix A.1 details the IPUM-NAICS codes used to

define industries.

Figure 2: 2SLS Estimates by Industries

|0 Baseline 2000-2018 e Pre-trend 1990-2000
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Coefficient Estimates

Notes: The figure displays coefficient estimates and 95% confidence intervals for 2SLS estimates
across ten industries. The dependent variable is the change in the industry-specific employment-
to-population ratio between 2000 and 2018, plotted in blue. The pre-trend (placebo) outcomes are
plotted in red. The model includes the full set of controls used in Column (6) of Table 2. All models
are estimated using 722 commuting zones, with observations weighted by the working-age population
in 2000.

Figure 2 displays the coefficient estimates and 95% confidence intervals. The base-
line estimates using employment changes between 2000 and 2018 are plotted in blue,

and the ones using pre-trend changes are plotted in red. Beyond universities, employ-

25Note that the AKM 95% confidence interval is relatively narrow compared to state-level clustered
standard errors. When estimating CZ-industry-level regressions, the structural residuals theoretically
do not involve aggregating employment across industries, which may reduce the severity of spatial de-
pendence.
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ment gains from exporting educational services are concentrated in six broad indus-
tries. A one p.p. increase in local expenditure shocks leads to a 0.711 p.p. increase in
construction employment (s.e. = 0.255), 0.748 p.p. in retail (s.e. = 0.295), 0.433 p.p. in
wholesale (s.e. = 0.184), 0.294 p.p. in hotels (s.e. = 0.118), and 0.173 p.p. in real es-
tate (s.e. = 0.087). There are also positive coefficients for restaurants, transportation,
and professional services, although imprecisely estimated. Manufacturing employment
remains unaffected. In contrast, using pre-trend outcomes as a falsification test, the
red plot shows that among the industries listed, only the wholesale industry exhibits a
positive and precisely estimated coefficient (0.491, s.e. = 0.156).

The employment gains in local non-tradable industries can be explained by two
channels. First, international students consume those goods and services, driving em-
ployment growth in industries such as retail, construction, hotels, and real estate. Sec-
ond, university production linkages stimulate demand in industries that serve as key
inputs for universities. Motivated by these findings, Section 6 presents a spatial equi-
librium model that incorporates input-output linkages in university production and
trade in educational services.

The complete coefficient estimates are reported in Appendix Table C.4, which shows
that the coefficients for other shocks—such as those from China, automation, and reces-
sions—have expected signs on industry-specific employment. For example, the China
shock has a significant negative impact (-0.645, s.e. = 0.120), consistent with Autor
et al. (2021). It also has positive or zero coefficients for other industries, potentially

reflecting the small degree of worker relocation across industries.

4.3 Employment Statuses and Wages

Next, I examine the effects on local employment statuses and wages. I first estimate
the model using changes in the population share of employed individuals, unemployed
persons, and labor force participants as the dependent variables.?® Panel A shows that
a one percent increase in local revenue from export shocks raises the employment-to-
population ratio by 3.136 percentage points (s.e. = 1.435). This net employment gain

is reflected in a decline in the unemployment rate by -1.137 percentage points (s.e.

0.460) and an increase in labor force participation by 1.916 percentage points (s.e. =
1.240). The rise in employment comes from both previously unemployed individuals
and those outside the labor force, with the latter group contributing more significantly.
Column (4) reports a positive but imprecisely estimated coefficient for log annual earn-

ings. While the wage estimate aligns with the expected effects of positive demand

26Note that since employees are defined as positive wage earners, while the working-age population
includes zero-wage earners, the coefficients in columns (1)—(3) do not necessarily sum exactly.
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shocks, its interpretation requires caution, as changes in labor force composition could
influence wage dynamics (Autor et al., 2013).2” Panel B shows no evidence of pre-trends
when re-estimating the models using outcome changes from 1990 to 2000 as the depen-

dent variable.

Table 3: Estimates on Employment Statuses and Average Wages

Panel A: changes in employment and log annual earnings

Employed Unemployed  LFP Log Average Wages
(1) (2) (3) (4)

X foreign 3.136 -1.137 1.916 6.214
(1.435) (0.460) (1.240) (4.078)

F-stat 35 35 35 35

Panel B: Pre-trend changes in employment and log annual earnings

Employed Unemployed  LFP Log Average Wages
(1) (2) (3) 4)

X foreign -1.362 -0.033 -1.410 -4.087
(0.854) (0.379) (0.950) (2.782)

F-stat 35 35 35 35

Notes: Panel A reports 2SLS estimates for changes in the population share of employed
individuals, unemployed persons, and labor force participants in the first three columns,
while Column (4) examines changes in log annual earnings. Panel B presents 2SLS esti-
mates using pre-trend outcomes from 1990 to 2000. All models are estimated using 2SLS
for one-time changes across 722 commuting zones, incorporating nine division fixed effects
and the full set of controls. Observations are weighted by the local population in 2000, and

standard errors (reported in parentheses) are clustered at the state level.

4.4 Population Adjustments and Other Robustness

Population Adjustments How local shocks affect population adjustments has been
extensively studied, and the findings are mixed. Many studies report small and statis-
tically indistinguishable effects (see, among others, Bound and Holzer, 2000, Topalova,
2010, Autor et al., 2013, Dix-Carneiro and Kovak, 2017, 2019), while others find ev-
idence of population movement (see, among others, Greenland et al., 2019, Monras,
2020, Albert and Monras, 2022, Notowidigdo, 2020). One explanation for these mixed
results is that local industry shares, commonly used to construct Bartik instruments,
often correlate with labor supply factors, potentially invalidating the instrument in
population adjustment studies (Goldsmith-Pinkham, Sorkin and Swift, 2020). Alterna-
tively, Borusyak, Dix-Carneiro and Kovak (2023) argues that workers’ location choices
also depend on shocks in other regions, therefore, when shocks are highly correlated
across regions, conventional regression approaches may underestimate true population

responses.

While establishing credible causal relationships remains a challenge in this liter-

27Specifically, newly employed workers may have lower ability and earnings, and this selection pattern
may vary across commuting zones.
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ature, I examine whether CZs experiencing larger temporary population shocks (high
P,) also exhibit positive population growth. Table C.5 presents OLS regressions of log
population changes on P,, the temporary population shock due to foreign enrollment,
as defined in Equation (4). For all the estimates here, I report I first only include di-
vision fixed effects. The analysis considers total CZ population, as well as age groups
16-30, 31-45, and 56—64. Panel A reports positive and precisely estimated coefficients
across all columns. Panel B incorporates the full set of controls from Column (6) of Ta-
ble 2. In Panel C, I further incorporate two more controls that might predict long term
population trend, the initial year’s share of college employment, and the share foreign-
born population. All coefficients, while remain positive (except for the elder group) but
become imprecisely estimated.

For most estimates (excluding the elder group), the coefficient magnitudes exceed
one, suggesting that an increase in international students in a CZ is associated with a
more than one-to-one increase in the local population. This evidence does not indicate

crowd-out in population, and therefore local consumption.

Alternative Shock Measures. I further examine the sensitivity of my baseline esti-
mation using two alternative shock measures. First, I also measure the shock relative
to the sum of local personal consumption in goods as services and local government

spending as
AX/

)Evalt _
r gov_ -
XT’t—l + X?"t*l

(10)

Here, the only difference from the baseline measure is the denominator incorporates,
X%, the local government spending in the initial year.

Second, I estimate a model using CZ-level population shocks, as defined in Equation
(4), as the regressor. This shock captures the change in international student enroll-
ment in region r as a share of local population in 2000. While this regression is reduced-
form and the coefficients are less straightforward to interpret, consistent results with
the baseline would provide reassurance regarding the causal effects estimated.

To make the estimates directly comparable to the baseline, I rescale both shocks to
have the same standard deviation as the baseline measure, er . Appendix Tables C.6
and C.7 show that the estimated effects remain similar when using these alternative

measures.

5 Employment Responses within CZs

This section addresses two key questions: (1) Who benefits from the employment gains?

and (2) Are employment gains stronger in areas near university campuses within com-
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muting zones?

5.1 Who Gain the Employment?

International students might contribute to the local labor supply if they stay and work
locally after graduation. This section investigates whether the employment gain esti-
mated is a byproduct of increasing foreign labor supply.

To shed light on this mechanism, I estimate the model using the outcome of several
groups. I adopt Peri and Basso (2016) to filter American Community Survey (ACS)
observations of U.S. foreign-born employees who likely entered the country for college
or post-graduate education and obtained a degree between 2000 and 2018. I refer
to these individuals as “former F1-visa workers”. I employ two measures to identify
“former F1-visa workers” based on their age at arrival in the U.S., citizenship status,
and other characteristics (see Appendix A.3 for details). The two groups differ only in
the scope of origin countries: the first applies to all origin countries, while the second
restricts to top 30 source countries of international students.

For each group, I use IPUMS data to measure the changes in each group’s em-
ployment in CZ’s total working age population ratio. Panel A of Table 4 presents the
estimates with the full set of controls. Column (1) reports an estimate of 0.401 (s.e. =
0.375) using the population share of “former F1-visa worker” from all countries, while
Column (2) reports an estimate of 0.375 (s.e. = 0.165) using the share of “former F1-visa
worker” from the top 30 origin countries. These relatively small coefficients, compared
to the baseline coefficient, indicate that the results are unlikely to be driven by an
increased labor supply.

If the employment gains are not driven by the increased labor supply, then we would
expect similar coefficient estimates using the population share of all employees and
those excluding former F1 visa workers. To this end, I estimate the models using the
population shares for the complement of F1-visa workers as defined. By construction,
the sum of the coefficients in (1) and (3), and (2) and (4), exactly matches the estimates
using the population share of all employees. Columns (3) and (4) report sizable esti-
mates at 2.736 (s.e. = 1.366) and 2.761 (s.e. = 1.378), respectively. Column (5) examines
the population share of U.S. native employees, those either born in the U.S. or born
abroad to American parents. Column (6) extends this definition to include immigrant
workers who either lack a college degree or arrived in the U.S. before age 15 or after
age 27. The coefficients are 4.007 (s.e. = 1.946) and 3.356 (s.e. = 1.585), respectively.
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Table 4: CZ-Level Employment By Groups

Dependent variable: changes in group-specific employment [ population ratio 2000-2018

F1-All F1-30 Non-F1-All non-F1-30 US Natives US Natives +
(1) (2) 3) 4) (5) (6)
Panel A: Using Expenditure Shocks
X foreign 0.401 0.375 2.736 2.761 4.007 3.356
(0.181) (0.165) (1.366) (1.378) (1.946) (1.585)
F-stat 35 35 35 35 35 35

AKM CI [0.46,0.67] [0.42,0.64] [2.49,5.04] [2.52,5.09] [4.29,7.27] [3.36,6.10]
Panel B: Using Population Shocks

Ploreign 0.491 0.461 3.287 3.317 5.044 4.125
(0.217) (0.197) (1.905) (1.922) (2.672) (2.212)
F-stat 18 18 18 18 18 18

ARMCI  [0.41,0.57] [0.38,0.54] [2.12,4.46] [2.14,4.50] [3.66,6.43] [2.85,5.40]

Notes: Panel A reports 2SLS estimates using expenditure shocks. Panel B reports 2SLS
estimates using population shocks, as defined in Equation (4). The dependent variable
of interest is the changes in CZ-level employment-to-population ratio between 2000 and
2018. All models are estimated with nine division fixed effects, using one-time changes
between 2000 and 2018, for over 722 CZs. Observations are weighted by the working-age
population in 2000. Standard errors, reported in parentheses, are clustered at the state

level. AKM 95% confidence intervals are reported for each model.

In Panel B, I estimate the model using enrollment shocks (ﬁforeign) as the regressor.
This specification tests whether increases in enrollment translate into a rising foreign
labor supply. The estimates in both Panels show consistent conclusions. The evidence
suggests that U.S. jobs created by educational exports are primarily filled by U.S. na-
tives and foreign-born workers who did not enter the country on student visas. This
finding aligns with anecdotal evidence that international students often obtain an H-1B
visa to remain in the U.S. labor market, a process that typically requires employment
in specialty occupations or high-skill industries. Additionally, industry-level estimates
indicate that job growth is concentrated in low-skill-intensive industries (e.g., retail,
construction, hotels, and wholesale), making these sectors unlikely destinations for in-
ternational student employment.

However, these estimates do not necessarily suggest that the aggregate labor supply

increase due to international students is small—an issue I revisit in Section 7.

5.2 The Intra-CZ Geography of Employment Responses

Since university students typically live and consume near campus, job growth is likely
to be unevenly distributed across different areas within a CZ. In the remainder of this
section, I examine the intra-CZ geography of job growth.

I now use the County Business Patterns (CBP) dataset to track industry employ-

ment at the county level.?® Unlike the census, the CBP records employment data at the

28Commuting zones are clusters of counties. On average, a CZ aggregates more than 4 counties.
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establishment level, better suited for tracking the location of employment. As discussed
in the online Appendix of ADH2013, employment counts for most county-industry cells
are suppressed to protect confidentiality. To estimate employment in these suppressed
cells, I adopt exactly the algorithm developed by ADH2013; see Appendix B.1 for de-
tails.

I estimate equation (1) across US counties. To implement this, I measure the de-
pendent variable as changes in the county-industry employment-to-population ratio be-
tween 2000 and 2018.2° I construct X/ and a shift-share instrument at the county level;
see Appendix B for details. Instead of division fixed effects, I control for CZ fixed effects
and the estimated coefficients reflect industry employment changes in more affected
counties (university towns) relative to less affected counties within-CZ.3° Counties that
constitute an entire CZ on their own do not provide variation for estimation, reducing
the number of counties to 3,054.

Panel A of Table 5 reports positive and precisely estimated coefficients for three
industries—universities, restaurants and drinking places, and real estate—with the
largest employment gains occurring in the first two. A one p.p. increase in the local
shock leads to a 1.363 p.p. increase (s.e. = 0.206) in university employment and a 2.736
p.p. increase (s.e. = 0.467) in restaurants and drinking places in university towns,
relative to other counties within the same CZ. Perhaps surprisingly, the estimates re-
veal negative and statistically significant coefficients for construction, wholesale, trans-
portation, and manufacturing, suggesting that employment in these industries grew
more in less affected counties within the CZ.

The estimates above use county population as the denominator to measure out-
comes. However, in some counties, a large share of employees commute across counties
for work (Monte et al., 2018). Additionally, residential relocation within a CZ over time
may affect local employment patterns. To account for these factors and test the robust-
ness of the findings, I use county-level employment changes relative to CZ population as
the outcome variable while keeping CZ fixed effects controlled in the estimation. Panel
B presents these estimates. While the smaller coefficient magnitudes reflect the use of
CZ population in the denominator, the overall findings remain consistent: employment
in university towns grows primarily in universities, restaurants, and drinking places,
whereas construction, wholesale, and transportation employment grows more in other

counties within the CZ.

29County-level population data is obtained from Census tabulations.
30Since regression controls (e.g., China shock, automation) are defined at the CZ level, they are ab-
sorbed by these fixed effects.
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Table 5: County-level Estimates by Industry Employment

(1) (2) 3) (4) (5) (6) (7 (8) 9) (10) (11

University Restaurant Retail Construction Wholesale Hotel Real Estate Transport Manufacturing Health Profession

Panel A: Changes in employment [ population ratio by industry, with CZ FE

Xforeign 1 395 2.659 0.162 -0.158 -0.603 0.037 0.088 -0.290 -0.741 -0.005 -0.383
(0.197) (0.452) (0.094) (0.081) (0.125) (0.092) (0.027) (0.056) (0.146) (0.073) (0.365)

N 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052

F-stat 57 57 57 57 57 57 57 57 57 57 57

AKM CI [1.20,1.52] [2.31,3.16] [0.14,0.19] [-0.31,-0.01] [-0.83,-0.41] [-0.06, 0.13] [0.06, 0.13] [-0.42,-0.17] [-1.21,-0.31] [-0.06, 0.05] [-1.00, 0.21]

Panel B: Changes in other county employment / population ratio by industry, with CZ FE

Xforeign 0 240 0.690 0.024 -0.071 -0.126 0.003 0.013 -0.050 -0.343 0.009 -0.158
(0.041) (0.208) (0.014) (0.029) (0.028) (0.014) (0.004) (0.010) (0.209) (0.014) (0.106)

N 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052 3,052

F-stat 57 57 57 57 57 57 57 57 57 57 57

ARM CI [-0.30, -0.19] [-1.12, -0.30] [-0.04, -0.01] [-0.02, 0.16] [0.03,0.23] [-0.02, 0.01] [-0.02, -0.01] [0.02, 0.09] [0.06,0.64]  [-0.03, 0.01] [-0.13, 0.46]

Notes: The dependent variable in Panel A is the changes in county-industry employment to county population ratio, and in Panel B is the changes in
county-industry employment to CZ population ratio. All models are estimated with CZ fixed effects using 2SLS, one-time changes between 2000 and
2018 across counties. Observations are weighted by the county-level population in 2000. Standard errors, reported in parentheses, are clustered at the

state level. AKM 95% confidence intervals are reported for each model.



These findings on geographic employment responses highlight the geographic ex-
tent of an industry’s products (Rossi-Hansberg et al., 2021). For restaurants and drink-
ing places, proximity to university campuses is crucial for serving the growing student
demand. The larger coefficients estimated from county-level regressions, compared to
the smaller coefficients from CZ-level regressions, suggest that local restaurant owners
are relocating establishments from further areas within the CZ to university towns.
Employment responses in construction, wholesale, and transportation, however, ap-
pear to be much less localized. A possible explanation is that university areas gener-
ally have high population density and rent, making it less attractive for businesses in
these industries to establish physical locations. Instead, businesses in these industries
may be established further away, relying on workers to commute to deliver goods and

services.

6 General Equilibrium Analysis

I now present a spatial general equilibrium model, building on the trade and economic
geography frameworks (Allen and Arkolakis, 2014, Redding and Rossi-Hansberg, 2017),
where I incorporate trade in educational services.?! It considers multiple regions within
the United States as well as the rest of the world (ROW), denoted by r or /. There are
three industries: manufacturing goods (T), universities (U), and local non-tradable (N).
The consumption of educational services (E) is a composite of university sector (U) and
non-tradable goods (N). Exports of educational services affect demand for non-tradable
industries through two channels. First, through direct consumption on E and thus,
N. Second, university production uses non-tradable as intermediate inputs (Caliendo
and Parro, 2015). I assume that workers are perfectly mobile across industries within
the region. Based on empirical evidence, I assume that population is immobile across
regions.

The model serves two key objectives. First, it defines how regions interact with
each other, allowing me to recover the missing intercept using the model. Since the
counterfactual differs from the initial equilibrium only by removing educational service
exports, the estimated effect captures the impact of exporting educational services.
Second, I use the model to analyze the economic mechanisms generating the large

employment responses.

31The model abstracts from international students’ post-graduation employment decisions.
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6.1 Model Setup

6.1.1 Preference

Individuals in each region r consume three types of goods: manufacturing (T), higher

education (E), and non-tradables (N). Conditional on employment statuses s € {e, u},

the utility is . |
v, =< [ (O;J) (11)

where ¢! is the i.i.d. Fréchet idiosyncratic preferences of being employed or unem-
ployed, with a shape parameter 6. «; are the expenditure shares that add up to one.

The manufacturing consumption follows an Armington aggregator

Cir = [Z Ce?;;l
¢

]”;Tl, (12)

where Cy,r is the tradable goods produced by region ¢ and consumed in region r. or
is the elasticity of substitution. For education service, I assume the upper nest is an

Armington aggregator of

Cop = [; C/}“] T (13)

Cy-£ 1s a composite of consumption on education services which aggregates consumption
in U and N as
Corp = C)HOMN, M+ v =1 (14)

Students spend A\, fraction of their expense on university, and ),y on non-tradable
goods. In calibration, I assume these expenditure shares are the same among interna-
tional, in-state, and domestic out-state students.

Living in region r, workers earn a wage of IV, if employed, and receive non-employment
benefits b, otherwise. I assume that non-employment benefits are funded locally through
an income tax on employed workers.?? Given budget constraints, one can derive the in-

direct utility as

, W, . b
V’L _ T V’L — ot _r
re 6e Pr ) U 6u Pr

where P, is the consumer price index in the region r, discussed later.

(15)

32Since preferences are identical for both employed and unemployed individuals, the market-clearing
condition remains the same as in a model where only employed workers consume, without transfers.
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6.1.2 Production

I assume the university sector produces using labor and intermediate inputs as follows
Qo = A LM M. (16)

Here, M, is the intermediate input from manufacturing, and M, y is the intermediate
input from non-tradable. 7;, 77, and vy are the expenditure shares for labor, manufac-
turing, and non-tradable inputs, with v; + v + vy = 1. The price per university output
is

P = FA—UW“PQEPZ% a7
where I' = [ [, 1,7, is a constant.

For manufacturing and non-tradable industries, I assume linear production func-
tions with labor being the only inputs. p,y = X% is the price for non-tradables, and P,
is the manufacturing price index in region r, which I discuss later. I use lowercase p to
denote the output price and uppercase letter P to denote the aggregate price index or
the absorption price for T and E industries.

Motivated by the literature on theory on production externalities (Ethier, 1982)
and recent empirical work (Kline and Moretti, 2014, Dix-Carneiro and Kovak, 2017),
I assume local agglomeration force as a function of sectoral employment for manufac-
turing and university sector, A,y = L7 A7, and A,y = L'5A,y. kr and sy are the
agglomeration elasticity, and A, and A,; are productivity fundamentals. Agglomera-

tion elasticity is zero in non-tradable industries.

6.1.3 Equilibrium
Labor Supply. The fraction of employed individuals is

WB

Given the empirical evidence, I assume workers are immobile across regions.

Expenditure Shares. For manufacturing industry, I denote iceberg trade cost as
dy for goods shipping from ¢ to r. In equilibrium, region »’ expenditure shares on

manufacturing and educational services, produced by / is

pl or pl OF
Myr = 26T My = L2 (19)
Zef Doy Zz/ Porg
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e, W, v A W, W, . .
where pyr = Gt bop = TorDoll Doy - Dev = A and p;y = A, Ter 18 the iceberg cost

for education services, which captures two factors. First, it reflects the price differ-
ence between international (or out-of-state) and in-state domestic students. Second, it
accounts for policy restrictions that create friction for international students studying

abroad. The counterfactual exercise will send 7, to infinity.

Price index. The prices for manufacturing goods and educational services in region r

T‘T - [ZP}T;T] ) rE - [ZP;TE?E]l GE.

The consumer price index in the region r is P, = P2 PoEply.

are

Market Clearing Conditions. Each region has a population of N, and an employ-

ment of L, = N,A.,. The labor market clearing condition in each region is
W, L, = Z I prarly + Z Arevllypaply + anl, + Z ArenIlpaply (20)
¢ ¢ ¢

where I, = W, L, + D, is the total expenditure from residents in the region r, and D,
is the deficit of region r. I assume D, is exogenous (Caliendo and Parro, 2015). The
right-hand side of equation (20) sums up the revenue from three industries.

Specifically, the value added in the university sector is v, >, AvIlypapl,, where
apl, denotes region (’s total spending on education services. A share II, .5 of this spend-
ing is allocated to education services provided by region r, within which a fraction A, is
collected by university. v fraction of university revenue is then earned by employees.

Second, the valued added in manufacturing is >, IL,;rarly + vr >3 A\rvllpapls. The
first term captures consumer demand from all regions; the second is the input de-
manded by the university sector.

Finally, anI, + >, AenIlpagle + yv 25 Arullepagl, is the value added in the non-
tradable sector. The first term represents consumption from local residents. The second
is the consumption of education composite (by domestic and international students).

The last term captures the input demanded by the university sector.??

6.2 Calibrated Parameters

I calibrate the model to year 2018. Solving the model requires information on wages,
population, and employment rates {W,, N,, A.,}, trade matrix in manufacturing and ed-

ucation services, {Il;,7, 15}, and {og, o0, o, Y7, VN, 01, @B, an, Aevv, Aerw s K1, Ky, 0}, Ta-

33Note that since vy, +77+7n = 1, the sources can be summed to obtain the right-hand side of Equation
(20).
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ble 6 outlines the parameter calibration, which I briefly describe below and leave the

details in Appendix E.1.

Table 6: Parameter Values and Calibration Strategy

Parameter Definition Source Value
OE, OT EoS. across varieties Costinot and Rodriguez-Clare (2014) 6
YL, v, YN Input shares BEA Industry Economic Accounts -
ar,ag,ay Expenditure shares IPUMS, BEA, IPEDS -
AU, NeN Expenditure shares IPEDS -
I, E CZ-to-CZ trade in education IPEDS -
11,7 CZ-to-CZ trade in goods Model inversion (see 6.3) -
KT Agglomeration elas. in Manufacturing Adao et al. (2023) 0.05
KU Agglomeration elas. in University Indirect Inference (see 6.3) 0.03
0 Labor supply elasticity IV estimates (see 6.3) 2

I set or = 6 following Costinot and Rodriguez-Clare (2014). oz has not been esti-
mated before. Since or and xy both affect employment in a similar way, I fix o = 6
and estimate x; to match the reduced-form estimates. The input shares, 7;, 77, and
N, in university production are estimated using the BEA Industry Economic Accounts,
based on gross output, value added, labor compensation, and intermediate inputs in
the education sector. The consumption shares, a7, and oy, are computed using total
expenditure in each industry by subtracting intermediate goods expenditure (if any)
and dividing by total absorption. The non-tradable consumption share is given by
ay = 1 — ar — ag. The parameters \,; and ),y represent the fractions of student ex-
penditure allocated to universities and non-tradables, respectively, in region /. These
are estimated using IPEDS expense data.

CZ-to-CZ trade in manufacturing goods is estimated using the model and under
a parametric assumption on trade costs (see next page). IPEDS has enrollment and
expense (tuition and living expense) data on non-aliens breaking down by in-state and
out-of-state by each institution, which I use to estimate CZ-to-CZ trade in education
service. Briefly, I allocate in-state (out-state) enrollment to CZs within-state (outside)
proportional to CZ income, using in-state and out-of-state tuition and living expenses,
I can compute the matrix of trade in education service among counties.

Since the export shock operates in university and non-tradable sectors, I found the
quantitative results are insensitive to x7. I set ki = 0.05 in manufacturing following
the literature.

For the ROW, data on population, employment, and GDP are obtained from the
World Development Indicators database, subtracting the corresponding U.S. values

from world aggregates. I measure the expenditure shares of US imports from the ROW
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in manufacturing consumption as the ratio between US imports divided by manufac-
turing output plus imports and subtract exports. The expenditure share of ROW man-
ufacturing imports from the US is measured similarly. For manufacturing, I retrieve
U.S. import and export data from Comtrade. Manufacturing outputs for the US and
the ROW are obtained from the world development indicators. I allocate aggregate US
exports across CZs based on the share in national manufacturing employment, while
US imports are allocated proportional to CZ income. For educational services, the ex-
port volume of each cz is observed from IPEDS. I assume the U.S. does not import

educational services from the rest of the world (ROW).

6.3 Estimation

I estimate other model parameters and fundamentals sequentially in two main steps.
The first step inverts the model to solve county manufacturing the total factor pro-
ductivity, A,7, which rationalizes the observed wage and manufacturing employment
in 2018. Second, I estimate the labor supply and the agglomeration elasticities struc-

turally.

Model Inversion to Obtain Trade Flows. I invert the model to obtain A, in 2018 in
manufacturing industries and predict CZ-to-CZ trade flows in manufacturing, following
Redding (2016) and Monte, Redding and Rossi-Hansberg (2018).

The procedure requires a parametric assumption of trade costs d,, = Dist}ﬁ,, a value
of trade elasticity o = 6 and ¢ = 0.43.3* Given local manufacturing employment and
wages, and trade costs d;,., I solve for A,r that rationalize these observables in 2018
(see Appendix E.3 for details). Since this step solves A,r, rather than A,;, it does not
need value of xr. After that, I used the estimated A, and to obtain the CZ-to-CZ trade

shares using Equation (19).

Labor Supply Elasticity. I estimate the following equation
AlnL, = 0AIn W, + AU, (21)

where Aln L, and Aln W, represent the log changes in CZ employment and average
wages, respectively. Deriving from equation (18), the residual equals —AIn(W? + #)
and captures the unobserved local labor supply factor. Since some international stu-
dents may stay and work in the local labor market after graduation, X/ cannot be used
to identify the labor supply curve, as it could potentially affect local employment be-

yond wages. Instead, I instrument A In IV, using the exogenous China shock and the

349) = 0.43 is implied from setting (1 — o)y = —1.29 following Monte et al. (2018).
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Automation shock.?® Table C.8 reports the estimates under different specifications.

Notably, the employment response inevitably depends on 6. Here, I adopt a conser-
vative estimate, setting ¢ = 1.57, which falls within the range of estimates found in the
literature (see Table C.9).

Calibrating Trade Deficit. Before simulating counterfactuals, it is important to en-
sure that the labor market clearing equation (20) holds in the base year 2018. One
approach is to calibrate model-consistent industry employment, as proposed by Faber
and Gaubert (2019). My approach follows Caliendo and Parro (2015): in the baseline
equilibrium, where 7, = 1, I solve for D, such that equation (20) holds.?® After that, I

solve for the counterfactual equilibrium while holding D, constant.

The Agglomeration Elasticities. I estimate the the agglomeration elasticity, © =
{ky} while solving the GE model using indirect inference approach. The structural

estimation proceeds in two steps.

a) Solving for General Equilibrium (Inner Problem). Guessing parameter val-
ues for © = {og, or, V0, Y1, VN, a1, OB, ON, AevU, AerN, K7, 0}, 1 solve a counterfactual
equilibrium where US exports in educational services are reduced to zero, turning
7o to infinite, for ¢ as CZ and r as the ROW. I use the exact hat algebra (Dekle,
Eaton and Kortum, 2008), and express the equilibrium system in changes (see
Appendix E.2).

b) Indirect Inference (Outer Problem). Denote F(O) as the collection of data
and endogenous model outcomes (wages, employment, prices) solved from the in-
ner problem. The second step searches parameter values © to match the same
differential effects implied from the reduced-form estimates. I minimize the fol-

lowing objective function

A

O = argm@in [m(@;f(@)) — mRF] x V x [m(@;]—"(@)) - mRF]. (22)
m(0;F(0)) is a 4 x 1 vector of targeted moments predicted by the model, while m®*
is derived from the reduced-form estimates. I select four moments: (1) the 75-to-25
percentile difference in the university and (2) in the overall employment-to-population
ratio; (3) the standard deviation of changes in the university and in (4) the overall

employment-to-population ratio. For m(0; F(0)), I set 74, to infinity.

35For both instruments, I construct the shift-share IV using China’s export growth (or robot adoption)
in other advanced economies.
36Here, the hat variable denotes proportional changes, see Appendix E.2.
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For the reduced-form effect, I first measure A28 using international student to-
tal expenses in 2018 relative to the local gross consumption in goods and services
in 2018, consistent with the counterfactual exercise. For university employment-to-
population ratio, I multiply X2"'® by the estimates in Column (6) of Table 2, and for
overall employment-to-population ratio, it is multiplied by the estimates in Column (1)
of Table 3. After that, I compute the relevant statistics for m®¥.37 V is a 4 x 4 diago-
nal matrix with entries being, (1/m®)2. This normalization ensures that all moments
contribute equally to the minimization, balancing their scales.?®

The intuition behind this calibration strategy is straightforward: models with higher
ky predict more dispersed effects across CZs. In Appendix Figures E.1 and Figure E.2,
I provide suggestive evidence that the minimizer of the objective function is unique (at
least locally) and that each of the four moments contributes to the identification. This
procedure estimates <y = 0.065.

The strong agglomeration elasticity is in line with an important point made by
Adao, Arkolakis and Esposito (2023): spatial general equilibrium models generally re-
quire strong agglomeration effects, high labor supply elasticity, or input-output link-
ages to explain the large employment responses observed in reduced-form regressions.
Since my estimates indicate that labor supply elasticity is not particularly strong, the
model must instead rely on input-output linkages and strong agglomeration elasticity
to match the differential effects observed in the empirical estimates, as demonstrated

in my calibrated model.

6.4 The Quantitative Results

Now, I assess the employment effects of exporting educational services by setting 7, to
infinity for all U.S. CZs to the ROW.

The Employment Gain. At the aggregate level, the model estimates that educational
service exports generate approximately 948,000 jobs. Since the counterfactual scenario
only changes 7, the estimated employment gains are entirely attributable to educa-
tional service exports. These gains are concentrated in university-related and low-skill
service industries, with each sector contributing 425,000 and 736,000 jobs, respectively.
The positive demand shock leads to a decline of 213,000 manufacturing jobs, through

sectoral relocation.

The Multiplier. I decompose the market clearing condition 20 into two components.

37Since, in the reduced-form estimates, )?,f = 0 for CZs that do not host universities, I compute both
m(0; F(0)) and mRF among 521 CZs that host at least one university.

38] constrain the weighting matrix to ensure a consistent estimator, though it may not achieve the
smallest asymptotic variance.
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The first component measures the total export revenue:

ARPP = N (T — 1) aply. (23)
¢
Here, 11,/ and II . represent the observed and counterfactual trade shares in educa-

tional services, respectively. The second component captures the income effects:

AR}ﬂncome _ Z(HMT&T[@ — H;KTO‘TIE) + CYN([T — I;ﬁ) + ZH:%EO(E(IT — [;) (24)
7 ¢

where I, and I, are the observed and counterfactual income.3’

I compute two model predictions to understand the plausibility of this large employ-

AREXPOTt_i_AR;rncome B 1 96
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In a recent review, Chodorow-Reich (2019) suggests a cross-sectional fiscal spending

ment gain. First, I compute the multiplier of export service as

multiplier in the range of 1.5 to 1.8. My estimated value is on the high end of fiscal
multipliers previously estimated for the U.S. A key distinction that sets my estimates
apart from prior literature is that the revenue endowment originates externally, rather
than being generated through domestic taxation or financing. Interestingly, multipli-
ers from external endowments have been studied in developing economies, where they
appear to be notably large. For instance, Egger et al. (2022) estimate a local trans-
fer multiplier of 2.5 in Kenya, while Khanna, Murathanoglu, Theoharides and Yang
(2022) find that income earned through Philippine out-migration significantly boosted
long-run domestic income in migrant-origin areas, in line with a multiplier of approxi-
mately 2.9.

Second, I also compute the cost per job, an object that literature often used in
studying employment multiplier. In 2018, total U.S. exports in educational services
amounted to $32 billion. Based on the estimated employment gains, the implied cost
per job is approximately $33,750, aligning with macroeconomic estimates of employ-
ment multipliers. For comparison, Chodorow-Reich (2019) and Serrato and Wingender
(2016) estimate a cost per job ranging from $30,000 to $50,000. These consistent results
align with previously established estimates, bolstering confidence in the interpretation

of my findings and enhancing their plausibility.

7 Conclusion

This paper examines the impact of rising U.S. education exports on local labor mar-

kets. I measure local exports in higher education services using data on international

39Note that the term IL,,rarl, — I ,arI; also absorb the equilibrium adjustments in manufacturing
trades.
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student enrollment and the expected student tuition and living expenses. To examine
the impacts on local labor market outcomes, I leverage exogenous shifts in interna-
tional student enrollment in other high-income countries. I find that regions experi-
encing larger revenue shocks see greater relative employment gains. These gains are
concentrated in the university sector and low-skill industries such as retail, construc-
tion, and wholesale trade. Importantly, using CBP data, county-level estimates reveal
that the intra-CZ geography of these employment effects varies across sectors based on
their degree of localization: job creation in restaurants and retail increases more in the
county where the university is located, relative to nearby counties. In contrast, employ-
ment grew relatively more in construction, wholesale, and transportation industries in
nearby counties than in university towns.

To quantify these effects, I develop a spatial general equilibrium model incorpo-
rating both goods trade and service exports, estimating key parameters to match my
reduced-form results. I find that educational service exports alone generate 948,000
U.S. jobs. To understand the plausibility of the estimates, I find the model implies a
multiplier from export service lies in the range of the existing multiplier estimates.

One important question is the extent to which international students have con-
tributed to long-term increases in the foreign labor supply. I conclude my discussion
by providing suggestive evidence on this matter. Applying the filtering measures out-
lined in Section 5.1, I find that the stock of former F1-visa employees from all origins
grew from 482,000 in 2000 to 883,000 in 2018—an increase of 401,000. Focusing on the
top 30 source countries for international students, this increase is similar at 368,000.
Since the total U.S. immigrant labor force expanded from 17.1 million to over 28.3 mil-
lion between 2000 and 2018, these calculations suggest that international students
contributed approximately 3.3% to 3.6% of this growth.*’ These numbers confirm that
the long-run labor supply shock from former international students transitioning into
the U.S. workforce is relatively small (Beine, Peri and Raux, 2023).

Prior research has shown that skilled immigration is a key driver of innovation and
patenting (Kerr and Lincoln, 2010, Hunt and Gauthier-Loiselle, 2010, Terry, Chaney,
Burchardi, Tarquinio and Hassan, Forthcoming), as well as wage and productivity
growth (Peri et al., 2015). Policies that restrict international student mobility may
therefore have unintended negative consequences in these areas. I look forward to

exploring them in future research.

40Computed as 0.401/(28.3 — 17.1) = 3.3% and 0.368/(28.3 — 17.1) = 3.6%.
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A.1 Data Sources

Integrated Postsecondary Education Data System (IPEDS). The IPEDS dataset, collected and
published by the National Center for Education Statistics, provides comprehensive data on over 2000
U.S. postsecondary institutions. It includes detailed information on university characteristics, such as
institutional type (public, private, or for-profit), student enrollment by degree type, nativity, full-time
or part-time status, and the share of in-state versus out-of-state students. I measure international
students using “nonresident aliens”. According to IPEDS, those are students who are not U.S. citizens,
have a temporary visa, and do not have the right to remain in the country indefinitely.

Additionally, the IPEDS provides data on university employees by employment status (full-time or
part-time), as well as financial information, including funding from appropriations (local, state, and
federal), investment returns, and other revenue streams. I focus on two time periods: 2000 and 2018.
Specifically, I examine full-time student enrollment and full-time university employees, aggregating
enrollments across all degree types (bachelor’s, master’s, and associate degrees). I remove international
students who are enrolled in Ph.D. programs since most of them are likely to receive scholarships and
living stipends.

Notably, IPEDS provides information on in-state and out-of-state tuition fees, as well as costs asso-
ciated with on-campus and off-campus housing, books, rentals, food, and other living expenses. While
these variables may not fully reflect students’ actual expenditures outside of tuition and fees, they en-
able measurement of tuition-related spending and gross expenditure shocks on local communities beyond

tuition costs.

American Community Survey. The labor market variables on employment, unemployed status, labor
force participation, and income are obtained from the Census Integrated Public Use Micro Samples for
the years 1990, 2000, and the American Community Survey (ACS) from 2015 through 2019 (Ruggles
et al., 2024). I restrict the sample to US working-age population who are between 16 and 65 years old.
All variables are aggregated to 722 CZs.

IPUMS reports industries using the North American Industry Classification System (NAICS) codes
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at 4-digit, which is coarser than the 6-digit NAICS code available at the CBP. The 4-digit NAICS codes
are modified by the ACS’s industry classification scheme and are harmonized across different time peri-
ods.*! The IPUMS NAICS industry code used in CZ-level analysis is defined as follows

¢ Construction: NAICS codes beginning with 23.

* Manufacturing: NAICS codes beginning with 3.

* Wholesale Trade: NAICS codes beginning with 42.

¢ Retail Trade: NAICS codes beginning with 44, as well as 45121, 45221, and 454111.

¢ Transportation: NAICS codes beginning with 481, 4853, 485M, 487, 488, 491, and 492.
* Real Estate: NAICS codes beginning with 531 and 5313.

¢ Healthcare: NAICS codes beginning with 6214, 6216, 621M, 622, and 6231.

* Hotel and Accommodation Services: NAICS codes beginning with 7211.

* Restaurants and Drinking Establishments: NAICS codes beginning with 7224 and 722Z.

UNESCO Institute for Statistics. I draw data from the UNESCO Institute for Statistics to measure
the number of international students to other advanced economies in 2000 and 2018 by countries of
origin. I chose three English-speaking countries, Australia, Canada, and the United Kingdom, as the
other competing destinations for international students, and look at 30 countries of origin that are the

major sources of international students.*?

Consumer Expenditure Survey (CE). Maintained by the Bureau of Labor Statistics, CE data is a
well-known consumption survey that has been conducted continuously since 1980. The survey is a rep-
resentative sample of US households, consisting of over 5,000 households in each year’s survey. Each
household is interviewed about their expenditures for up to four consecutive quarters. Each interview
records expenditures on detailed categories over the preceding three months. The final interview records
information on earnings, income, and taxes from the preceding 12 months, aligning with the period cap-
tured for expenditures. Income and expenditure variables are all recorded at the household level.

To obtain CZ-level consumption and measure X5™$ in year 2000, I extract state-level consumption
in goods and services from the Bureau of Economic Analysis (BEA). I use CES data to allocate state-level

consumption to CZ, which I detail in Appendix A.2 next.

A.2 Projecting CZ-level Consumption

The Consumer Expenditure (CE) Survey has recently been used in the immigration context to examine
how consumption behavior influences immigrants’ location choices across U.S. cities (Albert and Monras,
2022). Since the CE data only provides geographic information at the state level, I estimate CZ-level
consumption in two steps. First, I use household-level CE data to estimate a linear regression model
that predicts the logarithm of household gross consumption of goods and services as a function of log
household income and a rich set of household characteristics (note that these characteristics are also

observed at the ACS). Second, I apply the estimated model to predict household consumption for each

41See here for IPUMS USA industry and NAICS codes.

42The origin countries include China, India, South Korea, Saudi Arabia, Vietnam, Malaysia, Thailand,
Iran, Italy, Brazil, Pakistan, Nepal, Nigeria, Russia, Germany, Mexico, Philippines, Turkey, Hong Kong,
Indonesia, and Japan.
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household in ACS 2000, and aggregate for 722 commuting zones in the contiguous U.S. Finally, I rescale
the variable by a constant to ensure that the aggregated CZ-level consumption matches the total implied
by the Bureau of Economic Analysis (BEA).

I use CE data to project household consumption based on income and demographic characteristics.
I combine CE samples from the years 2000—-2002, which include 54,778 households. Since the data only
includes geographical information at the state level, I proceed in three steps to estimate county-level
consumption.

Specifically, I estimate an OLS regression of the logarithm of household gross consumption on the
logarithm of household income, four age groups of the household head (31-40, 41-50, 51-60, and 60+),
marital status, education level dummies (high school dropout, high school graduate, some college, and
college), racial dummies for White and Black, family size dummies (1, 2, 3, 4, 5, 6), a homeownership
dummy, census division dummies (eight divisions), a metropolitan residency dummy, and interactions
between log income and the age group dummies. Household heads who are high school dropouts, under
age 30, unmarried, non-urban residents, non-White, and non-Black, with a family size of one, are used
as the benchmark in the regression. The estimated model has an R? value of 0.505 and shows that
household consumption increases with income, education attainments, family size, and is higher for
individuals who are White, married, homeowners, and live in urban areas.

The second step uses the estimated model to predict household consumption for each household in
the 2000 American Community Survey (ACS), which contains richer geographic information. I code the
demographic characteristics of ACS individuals to align exactly with the regressors used in the OLS
estimates, then use the estimated coefficients to project household consumption for each ACS individ-
ual. This process allows me to estimate aggregate consumption for 722 commuting zones (CZs) in the
continental United States.

Finally, I allocate BEA state-level consumption to CZs based on the share of CZ consumption (pre-
dicted by CE and ACS) within-state.

A.3 Filters for the Former F1-visa Workers

First, for individuals whose highest educational attainment is a bachelor’s degree, I classify them as
“former-international-student Workers” if they were not born in the U.S. or its territories, do not have
American parents, arrived in the U.S. between the ages of 16 and 22, and are not naturalized citizens.
For those with a master’s or Ph.D., I apply the same criteria but extend the arrival age range to 16 and
26. Immigrants who arrive in the U.S. before age 15 are more likely to have migrated with their families
and are unlikely to have previously held an F1 student visa. Conversely, immigrants who arrive after
age 27 are more likely to have completed their education abroad before coming to the U.S.

The second measure builds on the first but further restricts the sample to workers born in one of the
top 30 source countries of international students. This restriction aims to exclude individuals who came
to the U.S. for education on family-sponsored visas or as permanent residents and are unlikely to have

held F1 visas. These 30 countries account for 98% of total international student enrollment in the U.S.
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B County-level Analysis

B.1 CBP County-Industy Employment

The County Business Patterns (CBP) data, published by the US Census Bureau, track employment
by county and industry from 1946 to the present. One well-known issue with these data is that, to
protect confidentiality, employment figures for the majority of county-industry cells are suppressed. In
my analysis, I extract CBP data for the years 1990, 2000, and 2016 to estimate my model at the county
level. I choose 2016 as the ending year because, in CBP 2017, there were major changes in how the data
were reported (the Census Bureau now perturbs cells with small employment counts, making these data
fundamentally different from earlier periods). Using 2016 as the endpoint ensures that the algorithm
developed in Autor, Dorn and Hanson (2013) can be consistently applied across all these years.

The imputation for employment in each county-industry cell follows precisely the online application
code of Autor et al. (2013). In 1990, industries were reported using 4-digit SIC codes, whereas in 2000
and 2016, they were reported using 6-digit NAICS codes. The Appendix of Autor, Dorn and Hanson
(2013) for details and replication code. Briefly, the imputation procedure involves the following steps: (1)
narrowing the possible employment values in cells with bracketed counts based on the firm size distribu-
tion and aggregate industry employment; (2) estimating firm sizes within each size bracket by regressing
employment on the number of firms across 13 size classes and iteratively updating the estimates until
convergence; (3) using these estimates to impute employment for firms identified only by broader indus-
try codes (e.g., 3-digit, 2-digit) and proportionally adjusting employment figures to ensure consistency
across aggregation levels; and (4) allocating employment from higher industry levels to more detailed

categories based on observed distributions within each county.

B.2 County-level Expenditure Shock

International students had notable and systematically uneven effects on local demand across counties.
The left panel of Figure B.1 illustrates the changes in international student expenditures relative to the
initial year’s total local expenditure. Darker colors indicate regions experiencing larger positive demand
shocks. Among the 3103 counties, 1482 have at least one university. On average, international students
contributed to a 0.18% increase in local consumption (inflation-adjusted), with a standard deviation of
0.43%.%3

The right panel presents a list of the most affected counties. The impact of international students
on local consumption is particularly pronounced in small college towns and in counties with multiple
universities. Unsurprisingly, compared to commuting zones (CZs), the intensity of the shock is much
stronger when analyzed at the county level. The magnitude of the effect reaches as high as 9.15% in
Campbellsville, Kentucky, 5.46% in Centre County, Pennsylvania, and 5.14% in Fairfax County, Virginia,

among others. In contrast, regions without a university experience no direct demand shocks.

43The summary statistics are computed using initial county-level population weights.
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Table B.1: The County-Level Demand and Temporary Population Shocks from International Students

Local Expenditure Shocks x 100 The Most Affected Counties:

¢ Taylor County, KY — Campbellsville Uni-
versity (9.15%)

} ¢ Centre County, PA — Pennsylvania State

" '.?“ yr University (5.46%)

IR} s

, &*, ¢ Fairfax County, VA — George Mason Uni-
s - versity (5.14%)

¢ Yolo County, CA — University of California,
Davis (4.89%)

¢ Tompkins County, NY — Cornell University
and Ithaca College (4.09%)

¢ Benton County, OR — Oregon State Univer-

e sity (3.53%)
010-0%0 . o
0.06-010 * Monroe County, IN — Indiana University
0.01-0.06 Bloomington (3.51%)

Moo,

;131001 e Champaign County, IL - UITUC (3.15%)

¢ Suffolk County, MA - six universities
(3.12%)

¢ Tippecanoe County, IN — Purdue Univer-
sity (3.00%)

Notes: The left panel shows the local demand shock, )@f for US counties. The right panel displays the most affected counties. The value
of X/ is given in the parenthesis. The shock values are multiplied by 100, so each value represents the percentage changes relative to the

initial population or consumption in 2000.



B.3 County-level Shift-Share Instrument

I re-construct the county-level shift-share instrument following the same strategy as previously, but
using “shares” at different levels of geographic aggregation. Specifically, when international student

inflow to each U.S. university, w, I compute it as

AEnrl*Y(w 251990 x St (w) x AEnrlA®Y (A1)

AEnrl‘;’CU is again, the overall change in international student enrollment to universities in three other
developed countries combined. ¢ is one of the 30 major source countries. 501390 denotes the share of
immigrants from source country g who resided in commuting zones c in 1990, conditional on commuting
zones that are home to at least one university. This share is measured using the IPUMS Census 1990
(Ruggles et al., 2024). S!~!(w) represents the share of international students attending university w
relative to the total number of international students studying in commuting zone c in the initial year,
measured using IPEDS data from the year 2000.
The county-level shift-share instrument is then constructed as follows
D wen AEnrlACU(w)

Z, = - . (A.2)
Poprt—l

B.4 The CBP 6-digit NAICS Industry Aggregation

Different from the ACS, CBP reports 6-digit NAICS industries. I classify industry following the ACS
groups as much as I could. I apply the NAICS crosswalk over time and use NAICS 1997 system.

¢ Construction: NAICS codes beginning with 23.

* Manufacturing: NAICS codes beginning with 3.

* Wholesale Trade: NAICS codes beginning with 42.

* Retail Trade: NAICS codes beginning with 44, as well as Book Stores (451211), Department
Stores (452110), Electronic Shopping and Mail-Order Houses (454110)

¢ Transportation: NAICS codes beginning with 481-485, as well as 491 and 492.

* Real Estate: Lessors of Residential Buildings and Dwellings (531110), Residential Property
Managers (531311), Offices of Real Estate Appraisers (5631320), Other Activities Related to Real
Estate (531390).

¢ Healthcare: General Medical and Surgical Hospitals (622110), Psychiatric and Substance Abuse
Hospitals (622210), Specialty Hospitals (excluding psychiatric and substance abuse) (622310).

* Hotel and Accommodation Services: Hotels (excluding casino hotels) and motels (721110),
Casino hotels (721120), Bed-and-breakfast inns (721191), All other traveler accommodations (721199).

* Restaurants, Fast Food, and Drinking Establishments: Full-service restaurants (722110),
Limited-service restaurants (722211), Cafeterias (722212), Snack and nonalcoholic beverage bars
(722213), Food service contractors (722310), Caterers (722320), Mobile food services (722330),
Drinking places serving alcoholic beverages (722410).



C Additional Results

Table C.1: Average Per Capita Expenses of University Students and U.S. Households

Year International Domestic US Household
Students Students per Capita

2000 $23,672 $9,974 $24,614

2018 $42,065 $17,938 $42.559

Notes: The table presents the average expenses for international students, domestic students,
and U.S. households per capita. For students, the values are calculated as the total aggregate
expenses divided by the total enrollment for international and domestic students, respectively,
based on IPEDS data. For U.S. households, the values represent BEA aggregate consumption in
goods and services divided by the U.S. population.

Table C.2: Examples of University Expenses in 2018 for Undergraduates

Expense Category Campbellsville Pennsylvania Columbia UcC
University  State University University Los Angeles
Tuition (In-State) $25,132 $18,263 $57,231 $13,136
Fees (In-State) $500 $1,002 $2,647 $1,748
Tuition (Out-State) $25,132 $33,635 $57,231 $41,032
Fees (Out-State) $500 $1,002 $2,647 $1,748
Rent (On-Campus) $7,965 $11,360 $13,635 $15,442
Rent (Off-Campus) $5,167 $11,360 $17,355 $12,561
Other Living Costs (On-Campus) $5,071 $4,788 $2,057 $4,196
Other Living Costs (Off-Campus) $6,461 $4,788 $4,980 $4,856
Books & Supplies $1,167 $1,840 $1,357 $1,419

Notes: The table presents the IPEDS expenses by categories for different universities in 2018.
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Table C.3: International Students to Developed Countries (in thousands) by Top 30
Source Countries in 2000

United States Other Three Countries
Source 2000 2018 Changes 2000 2018 Changes
Total 451.9 987 535.1 366.4 1107.8 7415
China 46.9 333.9 287.0 124 322 309.7
Japan 42.7 14.9 -27.8 9.3 6.9 -2.5
Korea 36.2 52.4 16.2 5.6 194 13.8
India 34.5 135.9 101.4 8.4 127.7 119.3
Canada 20.9 26.5 5.6 4.6 8.9 4.4
Thailand 11.5 6.4 -5.1 5.6 14.5 9
Indonesia 11.2 8.5 -2.7 10.6 16.2 5.6
Malaysia 10.6 8.6 -2.0 30.2 31.7 15
Mexico 8.9 154 6.6 1.6 4.8 3.2
Germany 8.8 7 -1.8 15.5 15.8 3
Turkey 8.6 9.7 1.1 2.1 5.3 3.2
Hong Kong 8 7 -1.1 24.5 28.1 3.6
Brazil 7.4 14 6.6 1.6 124 10.9
United Kingdom 7.1 10.1 3.0 5.5 4.1 -1.3
Russia 6.1 5.1 -1.0 1.5 6.2 4.7
France 5.7 6.3 0.6 16.4 31.8 154
Pakistan 5.4 7.4 2.0 3.4 19.7 16.3
Venezuela 4.7 8.1 3.3 4 1.6 1.1
Colombia 4.6 7.3 2.7 .9 6.7 6
Saudi Arabia 4.5 47.3 42.8 2 17.1 15.1
Spain 3.9 6.1 2.2 7.9 11 3.1
Bangladesh 3.4 7.4 4.0 1.3 104 9.1
Italy 2.8 5 2.2 6.4 16.7 10.3
Kuwait 2.8 11 8.2 .8 5.2 4.3
Nigeria 2.6 12.8 10.1 2.4 19.6 17.2
Australia 2.2 4.4 2.1 1.6 2.6 1
Nepal 2.2 14.4 12.2 2 33.7 33.5
Vietnam 1.5 25.6 24.1 1.5 22.1 20.6
Iran 1.5 11.8 10.3 15 7.9 6.5
Oman .6 3.5 2.9 1 3.4 2.4

Notes: The data is sourced from the UNESCO Institute for Statistics. The first three
columns report the number of international student enrollments in 2000 and 2018, along
with the change over this period. The last column aggregates the changes for Australia,
the UK, and Canada. All values are reported in thousands. For Australia, Canada, and
UK, the reported number excludes students who studied domestically.



Table C.4: The Effects on Industry Employment using Expenditure Shocks

670

(D @) 3 @ 5) (6) )] (8 9) (10)
Restaurant Construction Retail Wholesale Hotel Real Estate Transport Manufacturing Health Profession
Panel A: changes in industry employment [ population ratio 2000-2018
Xf‘”e‘g“ 0.369 0.711 0.748 0.433 0.294 0.173 0.176 -0.061 -0.344 0.179
(0.226) (0.255) (0.295) (0.184) (0.118) (0.087) (0.116) (0.338) (0.285) (0.638)
Jprative -0.134 -0.379 -0.159 -0.223 -0.197 -0.060 -0.077 0.027 0.082 -0.058
(0.087) (0.112) (0.101) (0.073) (0.047) (0.043) (0.053) (0.221) (0.159) (0.183)
X;’ther -0.038 0.070 0.026 0.005 -0.014 -0.017 -0.035 0.092 -0.078 -0.131
(0.049) 0.077) (0.066) (0.026) (0.026) (0.017) (0.027) (0.092) (0.103) (0.127)
China shock 0.141 -0.038 0.171 0.018 0.010 0.008 0.048 -0.645 0.043 -0.051
(0.050) (0.054) (0.051) (0.035) (0.012) (0.016) (0.027) (0.120) (0.067) (0.066)
Manufacturing % -0.274 0.062 -0.341 0.050 0.005 0.182 -0.018 -1.165 0.002 0.193
(0.061) (0.081) (0.087) (0.045) (0.028) (0.036) (0.043) (0.140) (0.088) (0.092)
Automation 0.003 -0.081 -0.062 -0.026 0.003 0.004 -0.021 -0.110 -0.054 -0.039
(0.018) (0.026) (0.018) (0.011) (0.005) (0.008) (0.011) (0.064) (0.021) (0.024)
Routine 0.238 0.105 0.205 -0.030 0.050 -0.034 0.091 -0.170 -0.143 -0.434
(0.049) (0.074) (0.063) (0.047) (0.015) (0.019) (0.033) (0.108) (0.077) (0.080)
Offshoring -0.049 0.065 0.063 -0.045 -0.007 -0.056 -0.054 -0.100 0.225 0.506
(0.026) (0.060) (0.034) (0.034) (0.011) (0.016) (0.020) (0.071) (0.051) (0.072)
Recession -0.085 0.131 -0.008 0.055 0.018 0.072 0.014 0.255 -0.275 0.178
(0.054) (0.057) (0.065) (0.031) (0.020) (0.023) (0.035) (0.138) (0.071) (0.078)
Num. of Children 0.051 0.203 0.190 0.052 0.054 0.054 0.102 0.129 0.180 -0.241
(0.052) (0.050) (0.049) (0.027) (0.019) (0.011) (0.020) (0.058) (0.078) (0.101)
Average Age -0.070 0.186 0.030 0.018 0.048 0.013 -0.012 -0.074 0.013 -0.049
(0.042) (0.057) (0.041) (0.021) (0.018) (0.021) (0.020) (0.080) (0.052) (0.079)
F-stat 35 35 35 35 35 35 35 35 35 35
AKM CI [-0.15, 1.40] [0.02, 1.81] [-0.10, 2.08] [0.26, 0.95] [0.11,0.67] [-0.15,0.63] [-0.06, 0.57] [-1.09, 1.01] [-1.53, 0.52]
Panel B: pretend changes in industry employment [population ratio 1990-2000
Xf"relgn 0.177 -0.925 -0.117 0.491 0.084 -0.021 -0.174 1.130 -0.037 0.047
(0.106) (0.338) (0.184) (0.156) (0.090) (0.070) (0.119) (0.806) (0.161) (0.205)
AKM CI [-0.05, 0.54] [-2.14,-0.20] [-0.53, 0.24] [-0.15, 1.47] [-0.45, 0.72] [-0.24, 0.23] [-0.57, 0.08] [-0.85, 3.97] [-0.40, 0.19] [-0.39, 0.62]

Notes: The table reports 2SLS estimates using the change in the industry employment-to-population ratio between 2000 and 2018 as the outcome
variables in Panel A. In Panel B, the dependent variables are changes between 1990 and 2000 for each corresponding industry. Control variables are
standardized to have a unit standard deviation. All models include nine-division fixed effects and the full set of controls. N = 722. Observations are
weighted by the working-age population in 2000. Standard errors, reported in parentheses, are clustered at the state level. AKM 95% confidence

intervals are reported for each model.



Table C.5: Log Population Changes by Different Groups and Model Specifications

fpﬁorelgn

fpﬁorelgn

rpvt:orelgn

Dependent variable: changes in log population 2000-2018
All Age 16-30 Age 31-45 Age 45-64
1) (2) 3) 4)

Panel A: Division FE, Lag population growth

6.392 5.199 10.053 4.367
(1.631) (1.761) (2.226) (2.217)
Panel B: Division FE, Lag population growth, Controls
1.953 1.293 2.115 -1.596
(1.048) (1.591) (1.554) (1.306)
Panel C: Division FE, Lag population growth, More Controls
1.970 1.322 2.200 -1.448
(1.012) (1.583) (1.403) (1.447)

Notes: The Table reports changes in log working age population on ﬁf"reign instrumented

by Z,. All models include the changes in log working age population (for corresponding

group) between 1990 and 2000 as controls. Additionally, panel A includes division fixed

effects, panel B includes division fixed effects and the full set of controls. Panel C further

add additional controls. All models are estimated using one-time changes between 2000

and 2018, for over 722 CZs. Observations are weighted by the working-age population

in 2000. Standard errors, reported in parentheses, are clustered at the state level. AKM

95% confidence intervals are reported for each model.
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Table C.6: Robustness Check Using Shock Measures, X2 that Incorporates Local Government Spending

(D (2) 3) 4) (%) (6) (@) ® 9 (10) (I1n
University Restaurant Construction Retail Wholesale Hotel Real Estate Transport Manufacturing Health  Profession
Changes in industry employment [ population ratio 2000-2018
Xgov 1.667 0.390 0.752 0.791 0.458 0.311 0.183 0.186 -0.065 -0.364 0.189
(0.645) (0.240) (0.253) (0.312) (0.186) (0.124) (0.094) (0.120) (0.360) (0.306) (0.674)
Jprative 1.155 -0.134 -0.381 -0.161 -0.224 -0.198 -0.061 -0.077 0.028 0.083 -0.058
(0.244) (0.087) (0.112) (0.102) (0.072) (0.048) (0.044) (0.053) (0.222) (0.161) (0.184)
Xother 0.104 -0.039 0.069 0.025 0.004 -0.014 -0.018 -0.035 0.092 -0.078 -0.131
(0.076) (0.048) (0.076) (0.066) (0.026) (0.026) (0.017) (0.028) (0.092) (0.103) (0.128)
China shock 0.097 0.142 -0.036 0.173 0.019 0.011 0.009 0.048 -0.645 0.042 -0.050
(0.093) (0.051) (0.053) (0.052) (0.035) (0.013) (0.016) (0.028) (0.120) (0.068) (0.067)
Manufacturing % 0.077 -0.269 0.072 -0.331 0.056 0.009 0.184 -0.015 -1.166 -0.002 0.196
(0.111) (0.060) (0.079) (0.083) (0.045) (0.028) (0.037) (0.042) (0.141) (0.090) (0.090)
Automation 0.078 0.002 -0.083 -0.064 -0.028 0.003 0.004 -0.021 -0.110 -0.054 -0.040
(0.025) (0.018) (0.025) (0.016) (0.010) (0.004) (0.008) (0.011) (0.063) (0.021) (0.023)
Routine 0.062 0.230 0.089 0.188 -0.040 0.043 -0.037 0.087 -0.168 -0.135 -0.438
(0.118) (0.048) (0.071) (0.060) (0.045) (0.016) (0.020) (0.033) (0.109) (0.081) (0.083)
Offshoring -0.068 -0.050 0.063 0.061 -0.046 -0.008 -0.056 -0.055 -0.100 0.226 0.506
(0.083) (0.027) (0.060) (0.035) (0.033) (0.012) (0.017) (0.019) (0.071) (0.052) (0.072)
Recession 0.134 -0.085 0.130 -0.009 0.055 0.018 0.072 0.014 0.256 -0.275 0.178
(0.072) (0.054) (0.057) (0.066) (0.032) (0.020) (0.023) (0.035) (0.138) (0.071) (0.078)
Num. of Children 0.069 0.054 0.209 0.196 0.056 0.057 0.056 0.104 0.129 0.177 -0.240
(0.055) (0.053) (0.051) (0.050) (0.027) (0.019) (0.012) (0.021) (0.060) (0.079) (0.103)
Average Age 0.161 -0.064 0.197 0.042 0.025 0.053 0.016 -0.009 -0.075 0.008 -0.046
(0.066) (0.045) (0.057) (0.044) (0.022) (0.019) (0.022) (0.020) (0.081) (0.054) (0.088)
F-stat 28.7 28.7 28.7 28.7 28.7 28.7 28.7 28.7 28.7 28.7 28.7
AKM CI [1.38, 2.42] [-0.21,1.29] [-0.07, 1.66] [-0.20, 1.93] [0.17, 0.89] [0.09, 0.59] [-0.10, 0.51] [-0.06, 0.50] [-0.94, 0.88]  [-1.28, 0.40] [-0.45, 0.92]
Panel B: pretend changes in industry employment [population ratio 1990-2000
xgov 0.418 0.187 -0.979 -0.124 0.519 0.089 -0.022 -0.184 1.195 -0.039 0.050
(0.238) (0.112) (0.346) (0.195) (0.172) (0.095) (0.074) (0.127) (0.880) (0.170) (0.217)
AKM CI [-0.05, 0.54] [-2.14, -0.20] [-0.53, 0.24] [-0.15, 1.47] [-0.45, 0.72] [-0.24, 0.23] [-0.57, 0.08] [-0.85, 3.97] [-0.40, 0.19]  [-0.39, 0.62]

Notes: The table reports 2SLS estimates using the change in the industry employment-to-population ratio between 2000 and 2018 as the outcome vari-
ables in Panel A. In Panel B, the dependent variables are changes between 1990 and 2000 for each corresponding industry. The regressor incorporates
local government spending when measuring the demand shocks. Control variables are standardized to have a unit standard deviation. All models
include nine-division fixed effects and the full set of controls. N = 722. Observations are weighted by the working-age population in 2000. Standard

errors, reported in parentheses, are clustered at the state level. AKM 95% confidence intervals are reported for each model.



Table C.7: Robustness Check using Population Shocks

GI-O

(D ()] 3 @ 5) (6) () ® [€)] (10) (I11m)
University Restaurant Construction Retail Wholesale Hotel Real Estate Transport Manufacturing Health Profession
Panel A: Changes in industry employment/population ratio 2000-2018
Pf"re‘gn 2.314 0.542 1.043 1.099 0.636 0.431 0.254 0.258 -0.090 -0.505 0.263
(0.967) (0.365) (0.427) (0.508) (0.309) (0.191) (0.136) (0.174) (0.494) (0.408) (0.937)
Jprative 1.082 -0.151 -0.414 -0.196 -0.244 -0.212 -0.069 -0.085 0.030 0.099 -0.067
(0.271) (0.097) (0.129) (0.117) (0.085) (0.053) (0.046) (0.057) (0.229) (0.166) (0.205)
Xfther 0.127 -0.033 0.080 0.036 0.011 -0.010 -0.015 -0.032 0.091 -0.083 -0.128
(0.092) (0.048) (0.081) (0.072) (0.032) (0.028) (0.016) (0.027) (0.092) (0.103) (0.126)
China shock 0.086 0.140 -0.041 0.168 0.016 0.009 0.008 0.047 -0.644 0.044 -0.051
(0.091) (0.051) (0.053) (0.054) (0.037) (0.013) (0.016) (0.028) (0.120) (0.068) (0.064)
Manufacturing % 0.005 -0.285 0.039 -0.365 0.036 -0.004 0.176 -0.023 -1.163 0.013 0.188
(0.107) (0.067) (0.089) (0.099) (0.048) (0.029) (0.035) (0.043) (0.138) (0.087) (0.099)
Automation 0.088 0.005 -0.079 -0.060 -0.025 0.004 0.005 -0.020 -0.111 -0.056 -0.039
(0.023) (0.019) (0.028) (0.021) (0.014) (0.006) (0.007) (0.011) (0.064) (0.020) (0.025)
Routine 0.165 0.254 0.136 0.237 -0.012 0.063 -0.026 0.099 -0.172 -0.157 -0.427
(0.113) (0.053) (0.078) (0.069) (0.048) (0.016) (0.019) (0.034) (0.107) (0.071) (0.082)
Offshoring -0.122 -0.062 0.039 0.035 -0.061 -0.018 -0.062 -0.061 -0.098 0.237 0.499
(0.083) (0.028) (0.063) (0.040) (0.035) (0.011) (0.016) (0.020) (0.071) (0.047) (0.067)
Recession 0.100 -0.093 0.115 -0.025 0.046 0.012 0.068 0.010 0.257 -0.268 0.174
(0.083) (0.055) (0.063) (0.072) (0.033) (0.020) (0.023) (0.036) (0.139) (0.070) (0.084)
Num. of Children 0.081 0.056 0.214 0.202 0.059 0.059 0.057 0.105 0.128 0.174 -0.238
(0.058) (0.056) (0.056) (0.056) (0.031) (0.019) (0.012) (0.022) (0.061) (0.079) (0.103)
Average Age 0.140 -0.068 0.188 0.032 0.019 0.049 0.013 -0.012 -0.074 0.012 -0.049
(0.059) (0.043) (0.058) (0.043) (0.023) (0.018) (0.021) (0.020) (0.080) (0.051) (0.080)
F-stat 18 18 18 18 18 18 18 18 18 18 18
AKM CI [1.38,2.42] [-0.21,1.29] [-0.07,1.66] [-0.20, 1.93] [0.17, 0.89] [0.09, 0.59] [-0.10, 0.51] [-0.06, 0.50] [-0.94, 0.88] [-1.28, 0.40] [-0.45, 0.92]
Panel B: pretend changes in industry employment [ population ratio 1990-2000
me‘gn 0.581 0.259 -1.359 -0.172 0.721 0.123 -0.030 -0.256 1.659 -0.055 0.069
(0.335) (0.164) (0.558) (0.274) (0.244) (0.136) (0.103) (0.178) (1.248) (0.238) (0.302)
AKM CI [-0.05, 0.54] [-2.14, -0.20] [-0.53, 0.24] [-0.15, 1.47] [-0.45, 0.72] [-0.24, 0.23] [-0.57, 0.08] [-0.85, 3.97] [-0.40, 0.19] [-0.39, 0.62]

Notes: The table reports 2SLS estimates using the change in the industry employment-to-population ratio between 2000 and 2018 as the outcome
variables in Panel A. In Panel B, the dependent variables are changes between 1990 and 2000 for each corresponding industry. The regressor of
interests is population shock defined in Equation (4). Control variables are standardized to have a unit standard deviation. All models include nine-
division fixed effects and the full set of controls. N = 722. Observations are weighted by the working-age population in 2000. Standard errors, reported

in parentheses, are clustered at the state level. AKM 95% confidence intervals are reported for each model.



Table C.8: 2SLS Estimates on Labor Supply Elasticity with Various Specification

Dependent variable: changes in log employment between 2000 and 2018

(1) (2) (3) (4)
AlnW, 2.559 2.328 1.575 1.834
(0.929) (0.547) (0.616) (0.561)
Ppative 11.055 8.680
(6.181) (5.155)
Aother -0.795 -0.374
(1.448) (1.324)
Manufacturing % -17.897 -12.194
(5.523) (3.693)
Routine 3.844 4.647
(3.063) (2.750)
Offshoring -0.073 1.047
(2.220) (2.168)
Recession -18.894 -11.427
(5.635) (3.847)
Num. of Children 3.757 4.377
(2.179) (2.443)
Average Age -4.204 -2.686
(2.412) (2.298)
N 722 722 722 722
F-stat 27 27 30 23

Notes: This table reports 2SLS estimates of labor supply elasticity under different specifi-
cations. The dependent variables is the changes in log CZ employment, and the regressor
of interest is the changes in log CZ average wages which is instrumented by the exogenous
China shock and automation shock. All models are estimated using 2SLS for one-time
changes for 722 CZs. Observations are weighted by the working-age population in 2000.
Standard errors, shown in parentheses, are clustered at the state level. Since the China
shock and Automation shock are used as instruments, they are not included as control

variables.
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Table C.9: Labor Supply Elasticity Estimates: Previous Studies'

Paper Estimates Instruments Level of Variation
Fajgelbaum et al. (2019) 1.36-2.25 Bartik & Tax States (1980-2010)
Serrato and Wingender (2016) 1.18-1.61 Bartik & Tax County (1980-2009)
Diamond (2016) 2.12-4.03 Bartik MSA (1980-2000)
Adao et al. (2019) 1.2-1.5 Bartik or China shock Cz (1990-2007)
Galle et al. (2023) 1.56 China shock Cz(1990-2007)

Notes: T Fajgelbaum et al. (2019) estimate migration elasticity across US states; values are drawn
from the top three rows of their Table 1. Serrato and Wingender (2016) estimate migration elasticity
across US counties, based on their Table 6. Both Diamond (2016) estimate migration elasticities
across US cities, separately for non-college and college workers. For Diamond (2016), values are
from Column (3) of Table 5. Adao et al. (2019) and Galle et al. (2023) estimate migration elasticity
across US commuting zones; values are from Column (2) of Table 3 for the former and Column (2)
of Table 1 for the latter.
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D Additional Figures

Figure D.1: International Students Enrollment and Export Educational Services in the
United States
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Figure D.2: Observed and Projected Changes in International Students to U.S. Com-
muting Zones, 2000-2018
Predicted vs. Observed
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Notes:The changes in enrollment to the other three countries are based on data from the UN-

ESCO Institute for Statistics, while changes in enrollment in U.S. universities are derived from

IPEDS, focusing on full-time international students.
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Figure D.3: Changes in International Students Relative to Population (Aged 0—14) and
Country Growth Rates
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Notes: This figure plots changes in the number of international students across four major
destination countries relative to the size of the population aged 0-14 in 2000 against the annual
GDP per capita growth rate across major source countries. I use the population aged 0-14 in

2000 as a proxy for the college-age population in 2018.
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E Technical Details

E.1 Parameter Calibration

Input Shares. I use the BEA Industry Economic Accounts to compute the input shares for the uni-
versity industry. Since the BEA reports industries by broad categories, my calculations are based on
the ’Educational Services, Health Care, and Social Assistance’ sector, which reports a gross output of
2,839, 262 million, labor compensation of 1,449, 668 million, and intermediate inputs in manufacturing of
287,878 million. I calculate the labor share as v, = 0.51, defined as the ratio of labor compensation to

gross output, while the shares of other inputs are v = 0.1 and vy = 0.39."

Expenditure Shares. The consumption shares a7, ag, and ay are calibrated using the total expen-
diture of in each sector, subtract the intermediate goods expenditure and divided by total absorption.

Specifically, I calibrate a7, the expenditure shares on tradable goods as

> WeLep + Dy

. Al
> wrLy + Dr + Dg (A.D)

The first term in the numerator is the wage bill in manufacturing industries, this measures model-based
manufacturing output (as labor is the only input). The second term, Dy = import; — export; is the
deficit in manufacturing. According to BEA, the US deficit in manufacturing is 0.4 of manufacturing
output: Dy = 0.4%] w,L,7. The denominator is the US absorption, which is the sum of total income,

> wrL,, and trade deficit in manufacturing and education. I obtain ar = 0.0963.

Similarly, to obtain the expenditure shares on educational services, I compute as

11 Y, wLy+Dg

- A2
N1z (3w L, + Dr) (A.2)

where L,y is university employment, and Dg is US deficit in education. Since I assume the ROW
does not export education to the US, Dg equals the negative of international student spending in 2018.
Here, 1/v; captures the fact that intermediate inputs are used. ) is the tuition payment as a share
of students’ overall spending (tuition, rent, other living expenses) aggregating over all US universities
using IPEDS data, A = 0.67. The multiplication of 1/\ reflects the fact the education is consumption
composite of university and local non-tradable sectors. This gives ap = 0.0588. The expenditure share

on non-tradable is computed as ay =1 — ar — ag.

CZ-to-CZ trade in education service. The IPEDS has enrollment data on non-aliens breaking down
by in-state and out-of-state by each institution. I allocate in-state enrollment to counties within-state
proportional to income; similarly, I allocate out-state enrollment to outside counties proportional to in-
come. Using in-state and out-of-state tuition and living expenses, I can compute the matrix of trade in

education service among counties.

The ROW. Data on population, employment, and GDP are obtained from the World Development In-
dicators database. I subtract the corresponding U.S. values from world aggregates. I measure the ex-
penditure shares of US imports from the ROW in manufacturing consumption as the ratio between US
imports divided by manufacturing output plus imports and subtract exports. The expenditure share of

ROW manufacturing imports from the US are measured similarly. For manufacturing, I retrieve U.S.
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import and export data from Comtrade. Manufacturing outputs for the US and the ROW are obtained
from the world development indicators. I allocate aggregate US exports across counties based on county’s

share of national manufacturing employment, while US imports are allocated using county-level income.

For educational services, I estimate the export volume of each U.S. region by summing the total
tuition and living expenses of international students in 2018, using data from IPEDS. I assume the U.S.

does not import educational services from the rest of the world (ROW).

E.2 Equilibrium in Changes.

I use 2’ to denote variables in counterfactual and & = 2//x. The labor market clear condition in counter-

factual is

wy L), = Z L or 1L erarI) + ZHrzEﬁreEOéE)\MIZ +anl] + ZHrZEﬂrZEaE(l —Ao)Ip (A.3)
7 7 7

where I is the counterfactual expenditure that equals W, L., A., + D,. In the counterfactual, I set

flgT = flw = Ay = b, = 1. I also set 7, = 1 for pairs between US CZs.

The changes in the employment ratio are

. w?
Agp=——r (A4)
Ak\rwqq + Au|rb?

The changes in region ’ expenditure shares in manufacturing goods is

zg;T_l)WT (dAgrlf)g) l—or

o = —— — (A.5)
2 L%? o (dvibe) " ey
The changes in region r’s expenditure shares in education services is
N Zal —0OE
Wpp = o——— (A.6)
' ZZ’ pé’r%E HZTE
where . .
. JS P . s W, . w,
bore = byl o, v = Lyl =,  pen = = (A7)
w AN

The absorption prices for table goods and educational services in r are

1 1

Por=L7" [Z (de W) 1_UTH127»T] o Pp= [Z jlfn?]E_l)/\ww (7 W2) 1_UEH4TE] e (A.8)
[ ¢

. .. . . D _ DPQaT PAE PanN
The changes in the consumer price index in region r equals P, = P27 P FP7Y.

E.3 Model Inversion.

I invert the model to obtain county TFP in 2018 in manufacturing industries and county-to-county trade
flows in manufacturing. The procedure requires a parametric assumption of trade costs d,. = Dist}pr, a
value of trade elasticity o = 6 and ¢ = 0.43. Given local manufacturing employment and wages, and

trade costs dy,., I solve for A, from the following

170"1"
WTLTT _ Z (dréwr/ArT)

—— [aTnge + DFZT:|. (A9)
Y Zv" (drlng//Ar/k)
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DFyr is the trade deficit, which I allocate the aggregate deficit in manufacturing to each US region
proportionally based on income. Note that, the above equation (A.9) is consistent with the market clear
condition in Equation (20), since non-manufacturing sectors cancel out on both sides. I use this equation
to solve A, for productivity in tradable sectors that rationalizes the observed wage and employment
in tradable industry. After that, I used the estimated A,; to predict the county-to-county trade shares
using Equation (19).

E.4 Structural Estimation

I estimate the two agglomeration elasticities, © = {ky} while solving the GE model using GMM. The

structural estimation proceeds in two steps.

Solving for General Equilibrium (Inner Problem). Guessing parameter values for © = {4y}, and
given data on {W,., N, A, 17, I g}, parameter values {vr,yr, v~, a1, g, an, Aev, \en, 0, o}, Lfirst
calibrate the model-implied deficit D,., similar to Caliendo and Parro (2015). D,. is solved using such that
Equation (A.3) holds in the observed economy, where 7, = dpp = App = 10, = f\eh =1.

Given the calibrated deficit D,., I simulate a counterfactual world that shuts down US export services
to ROW. I turn 7, to infinite, for ¢ as US county and » as the ROW. I solve the counterfactual using the
exact hat algebra (Dekle, Eaton and Kortum, 2008). ds, = A) = 1. The equilibrium solution is solved
through contraction mapping algorithm (Alvarez and Lucas, 2007).

1. Initial guess: {w.} = [1,...,1], and ¢ index for the number of iteration. I use Equation (A.4) to
compute changes in employment rate, Equation (A.5) to compute changes in expenditure shares
in goods and services, Equation (A.8) to compute changes in price.

2. Compute the counterfactual total wage payment in county r using the left hand side of Equation
(A.3), denoted as LHS'.

3. Compute the counterfactual revenue in county r using the right hand side of Equation (A.3),
denoted as RHS..

4. Compute the difference as :

Z,({w!}) = LHS, — RHS;. (A.10)

Stop the procedure if max, Z, ({w.}) < 107°. Otherwise, update:

Zr({wi})?
max {LHS,, RHS, }’

_ t
=w, + K-

ke (0,1). (A.11)

Indirect Inference (Outer Problem). Denote 7(O) as the collection of data and endogenous variables
(wages, employment, prices) solved from the inner problem. The second step searches parameter values
O to match the differential effects implied from the reduced-form estimates. I minimize the following

objective function

O = argngn [m(@;f(@)) - mRF]/ x V x [m(@;]—'(@)) - mRF], (A.12)

where m(0; F(0)) is a 2 x 1 vector of targeted moments predicted by the model, and m®F is from the
reduced-form estimates. I choose two moments (1) the 75-to-25 percentile differences in university
employment-to-population ratio, and (2) the standard deviation of changes in university employment-

to-population across 722 CZs.
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For m(©; F(©)) and m®F, I compute the effects of export education service in 2018. For m(0; F(0)),
I turn 74, to infinite. Additionally, I measure international student expenses as a share of local gross
consumption in goods and services in 2018, /’?rf 2018» and combine it with the estimates in Column (6) of
Table 2 to compute mBF. V is the 2 x 2 weighting matrix, which I choose as a diagonal matrix with entries
(1/mBF)2, The weighting matrix normalizes the scale of the two moments, ensuring that they contribute

equally to the minimization.

Figure E.1: Values of Objective Function under Different Values of .
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Notes: Each dot represents the value of the objective function that the indirect inference proce-

dure minimizes.
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Figure E.2: Evidence of the Indirect Inference with Different Values of .

University Employment Overall Employment
S | ® ]
x S
5N - <%
(D. ’ Ty}
= O™
o .
oo | Q
cu\ll) . $ (‘:) ]
o T}
Lfl) ": | N~ R _
N~ T T T T T T T T T T T
0 02 04 .06 08 A 0 02 04 06 08
Ku Ky
° University Employment - Overall Employment
2w SR
X X
cw cwn
o 7 ow
© ©
3 4a¢ﬂ“ﬂﬂw 3
Q Q
T O gell's)
A i 57
© ©
g™ § < -
(7) T T T T T T (7) T T T T T
0 02 04 .06 08 A 0 02 04 06 08
Ky Ku
o Model-Based —— Reduced-Form Estimates

Notes: The upper panels compare the 75th-to-25th percentile differences in university-industry
employment (left) and overall employment (right). The lower panels compare the standard
deviation in university-industry employment (left) and overall employment (right). The blue
dot represents the model-based dispersion of the effects on the university employment-to-
population ratio, while the red line represents the dispersion implied by the reduced-form esti-

mates. All values are multiplied by 100.

Figure E.1 plots the value of the objective function that the indirect inference procedure minimizes
against xy. The pattern shows some U-shaped that bottom around 0.06 and trending up after.

In Figure E.2, the upper panels show the model-based 75-to-25 percentile difference across CZs
(blue) and the corresponding effect implied by the reduced-form estimates (red) in the university sector,
on the left, and for the overall employment on the right. The lower panels compare the model-based
standard deviation across CZs (blue) and the corresponding effect implied by the reduced-form estimates
(red) for the university (left) and for the overall (right). All values are multiplied by 100.

All four panels in Figure E.2 confirm clear evidence that models with higher x; in the university

sector predict more dispersed effects in all measures. It also shows that in the upper left, xy takes a
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value of 0.03 when the data and model agree. In the upper and bottom right, xy takes a value of 0.08. In
the bottom left, xy; takes a value of zero to better rationalizes the reduced-form estimates. Therefore, all

these four moments contribute to determining the minimizer of the objective function.
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F Motivating the Estimation Equation

Below, I outlay the equilibrium conditions to motivate the estimating equation.
Labor demand. I assume perfect competition and workers are the only production factors, such that

firm revenue is all earned by workers. This implies the labor demand can be expressed as:
pdemand _ o, —1p o (A.1)

where R, is the revenue. w, is the wage in region r. I assume workers are perfectly mobile within

regions across industries so that wages equalize across industries.

Labor Supply. The labor supply to region r and industry k is
LY — 0, . (A.2)

The labor supply can be modeled following Adao et al. (2019, 2023), assuming the idiosyncratic pref-
erence of working follows a Pareto distribution with a scale parameter equaling one. In this case,
U, = N.b%. b, denotes the unemployment benefits for US natives. In my baseline model, I assume
immobile workers across regions.

Since the empirical measure uses expenditure data, it requires an assumption that each region is a
closed market, such that the revenue equals expenditure, denoted as X, = R,;. Assume that university
sector uses labor and intermediate inputs to produce, with labor share as ~; and input shares of ;, from
sector k. For simplicity, assuming other industries use a linear production with labor. Therefore, one can
write

Xk = XD+ X0y + XL+ ), (A.3)

where A7} is the native household expenditure on goods k in region r. X7 is the expenditure of in-
ternational students on goods % in region r. X}, and XTfU are the expenditure of US household and
international students on university in region r, respectively, where a ~, share of university’s revenue
spend on intermediate inputs k.

Let the hat variables represent the log changes between two periods X = log(X;/X;_1). The changes
in region and industry employment equal

. 0 - 1 -
Ly =—2X,. —_— A4
rk 0+ 1 Tk+0+1urk ( )

To proceed, note that X, measures the changes in revenue, not the shock of interest. I write X =
23,{; X QT, where G, measures other factors that cause changes in demand.

X/ captures the expenditure shock induced by international students, which is measured as the
percentage of expenditure change if the only change in the arrival and expenditure of international

students. ;
i’f — Aer
TR X1

(A.5)

where, AX,,fk = X,,fkt - kat_l represents the expenditure change by international students between

2000 and 2018 in region r, and X,;_; is the total expenditure in the initial year. Next, assuming )\ is
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expenditure shares on industry k. I can write
AX] = AX] + e AX] = (O + wdo)AX] (A.6)

Assuming expenditure from international students accounts for a very small fraction of local expenditure
in the initial year,

vakt—l ~ X1 T Xy = (ak + yeou) X4 (A7)
ay, is expenditure shares on industry k& for US household. Then, one can write

)efk _ Mt wAu Ax] _ At wAu of (A.8)
" ag + oy Xy o+ ko

Thus Equation (A.4) can be rewritten as

A 0 A + AU ¥ 1

rk = r Z/A[r A9
T 04 Lag + au g+1 " (A.9)

which links region-industry-specific employment changes to region’s consumer expenditure shock caused
by international students, z’ﬁf . The effects depend on two sets of model parameters. The first is 3—’;, which
reflects the differences in expenditure in industry k& between international students and U.S. households.

Intuitively, an expenditure shock X/ would induce a larger employment response in industries where in-

1

ternational students spend relatively more compared to U.S. households. The second term — 5=

captures
the employment adjustments resulting from wage increases.

Put simply, I will estimate equation (A.4) for each industry, and the differences in employment
responses would partly reveal the relative consumption patterns of international students compared to
a typical U.S. household, assuming demand and supply elasticity do not vary much across industries.
Because students tend to spend on non-durable necessities, such as fast food, groceries, and retail stores,

we expect to see strong employment responses in those industries.

F-25



	Introduction
	Data and Empirical Approach
	Data Source
	Empirical Specification
	Measuring Local Demand Shocks

	Instrumental Strategy
	Motivating the Exogenous Shifts
	The Shift-Share Instrument

	Estimation Results
	Employment Responses in University Industry
	Beyond University Employment
	Employment Statuses and Wages
	Population Adjustments and Other Robustness

	Employment Responses within CZs
	Who Gain the Employment?
	The Intra-CZ Geography of Employment Responses

	General Equilibrium Analysis
	Model Setup
	Preference
	Production
	Equilibrium

	Calibrated Parameters
	Estimation
	The Quantitative Results

	Conclusion
	Data Appendix
	Data Sources
	Projecting CZ-level Consumption
	Filters for the Former F1-visa Workers

	County-level Analysis
	CBP County-Industy Employment
	County-level Expenditure Shock
	County-level Shift-Share Instrument
	The CBP 6-digit NAICS Industry Aggregation

	Additional Results
	Additional Figures
	Technical Details
	Parameter Calibration
	Equilibrium in Changes.
	Model Inversion.
	Structural Estimation

	Motivating the Estimation Equation

