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A B S T R A C T

This study examines the effect of high-skilled immigration on the occupational structure of native-born workers
in U.S. cities. I find that increases in foreign college workers in STEM occupations, where they hold a compara-
tive advantage over native-born workers, increase the specialization of college natives in social-intensive tasks.
Consistent with the productivity effect of task specialization, I find no evidence of displacement effects but do
find evidence of positive wage effects of foreign STEM flows on college natives, particularly for those in high-
social occupations. Because migration flows are endogenous, I use a shift-share instrument to identify the effect
of high-skilled immigration.

1. Introduction

This study is motivated by two important trends in the U.S. occu-
pational structure in the last few decades. First, the U.S. occupa-
tional structure has undergone dramatic shifts. Rapid advancements
in information and communication technologies (ICT) have signifi-
cantly reduced coordination costs and increased the efficiency gains
from task specialization (Autor et al., 2003; Autor and Dorn, 2013;
Goos et al., 2014; Deming, 2017). This has led to a bifurcation in
location decision between production and consumption and has con-
tributed to uneven growth across cities (Moretti, 2012; Diamond,
2016). Second, the composition of high-skilled foreign-born workers
has also changed. It is increasingly concentrated in a small group of
highly innovative and entrepreneurial occupations, which are closely
associated with the determinants of urban growth. These occupa-
tions include highly technical fields (e.g., science, technology, engi-
neering, and math, hereinafter STEM) and some more interaction-
intensive occupations (e.g., management, finance, and economics)
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1 High-skilled workers, or college workers, are workers with at least a Bachelor’s degree (includes Master’s, Professional, and Doctoral degrees).
2 The 2009–2011 ACS sample file is simply referred to as the 2010 ACS sample for convenience.
3 In 1990, foreign-born workers comprised slightly less than 9 percent of all college workers aged 21 to 64 in U.S. cities (metropolitan statistical areas or MSAs).

In only two decades, their share almost doubled, rising above 17 percent by 2010.
4 This approach follows the recommendation of Autor (2013), who suggests the use of “off the shelf” task measures as much as possible to distinguish between

“disagreements about substance” and “discrepancies in measurement” in the competing conclusions in the literature.

(Kerr and Lincoln, 2010; Kerr, 2013; Peri et al., 2015; Hanson and Liu,
2017).1 Despite their growing importance as a segment of the urban
workforce, we still know relatively little about how high-skilled immi-
grants affect cities through their effect on the occupational choices of
native-born workers.

I contribute to filling this gap in the literature by investigating the
long-run effect of foreign college STEM workers (hereinafter foreign
STEM workers) on native occupational choice. Data come from the
1990 and 2000 U.S. Census, the 3-year 2009–2011 American Commu-
nity Survey (ACS), and the 1998 Occupational Information Network
(O∗NET).2 Using a local labor market approach, I document how for-
eign college workers in STEM occupations, where they hold a compara-
tive advantage over natives, affect the task specialization of native col-
lege workers in U.S. cities. I focus on the decades between 1990 and
2010—a period of influx of high-skilled foreign-born workers.3 Fol-
lowing Deming (2017), I measure the task content of employment at
the city level using four main tasks: social, math, routine, and service
tasks.4 I focus on the first two task measures in the main empirical
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analysis because college workers are disproportionately employed in
high-math high-social occupations.

To quantify the effect of high-skilled immigration on natives, I esti-
mate a stacked first-difference econometric specification that uses cross-
city variations in the growth of foreign STEM workers. Because cross-
city foreign STEM flows are likely to be endogenous, I use a variant of
the shift-share instrument standard in the immigration literature (Card,
2001) to isolate an exogenous source of identifying variation. The
instrument predicts cross-city foreign STEM flows by interacting the
historical (1980) distribution of foreign STEM workers with their aggre-
gate flows by nationality groups.5 The main identification assumptions
are that the historical spatial distribution of foreign STEM workers and
their aggregate flows, conditional on city covariates, are not correlated
with local labor demand factors and productivity shocks that affect
native occupational choice. I perform several tests to provide evidence
that the assumptions are likely to be satisfied. The tests include check-
ing whether the 1980 geographic distribution of foreign STEM workers
is correlated with city unobservables and checking whether increases
in aggregate foreign STEM flows are driven by the growth in aggregate
foreign labor demand. Additionally, I also present evidence showing
that there is no existence of pre-sample trends in outcomes.

I find robust evidence that increases in foreign STEM workers
increase the social content of native college employment. My preferred
estimate indicates that a one percentage point increase in high-skilled
immigrants in STEM occupations per worker increases the social inten-
sity of native college employment by an average of 0.77 percentage
points. Because increases in social-intensive tasks reduce coordination
costs and facilitate knowledge diffusion (Glaeser and Maré, 2001), this
finding provides suggestive evidence that the positive effect of high-
skilled immigrants on urban wage growth, in addition to their contribu-
tion to innovation and entrepreneurship, can come from their effect on
native occupational choice. For the most part, I fail to find a significant
relationship between foreign STEM workers and college natives’ supply
of math tasks. The estimates on routine, service, STEM, and auxiliary
task intensities provide supporting evidence that the task specialization
effect of foreign STEM workers is concentrated in the social content of
native college employment.

To check whether the shifts in task intensities are caused by dis-
placement effects, I examine the employment and wage effects of high-
skilled immigrants. For this analysis, I partition native college employ-
ment into four mutually exclusive and exhaustive occupational groups
based on social and math intensities (Deming, 2017). An occupation is
high in a particular task content if the task intensity of that occupation
is above the mean in 1990, whereby each task intensity, by construc-
tion, has a mean of 50 percentiles. The employment estimates indicate
that there are no economically meaningful and statistically significant
displacement effects. Furthermore, the wage estimates suggest that col-
lege natives experience wage gains, particularly in high-social occupa-
tions. These results are consistent with the imperfect substitutability
between college natives and college immigrants. The fact that wage
gains occur in high-social occupations also indicates that there are pro-
ductivity gains from task specialization.

In contrast to their clear, positive effects on college natives, I fail to
find any evidence of task specialization effects of foreign STEM work-
ers on native non-college employment. One explanation is that these
two groups of workers are not close substitutes. This also suggests that
any potential task specialization effect could be subsumed by larger
economic forces, such as the reduction in aggregate low-skilled labor
demand. I find supporting evidence for this explanation.

This study makes two main contributions to the literature. First,
it advances our understanding of the effects of high-skilled immi-

5 I choose 1980 because it is the closest decade that predates the Immigration
Act of 1990, which established temporary work visa programs and contributed
to the large inflows of foreign STEM workers between 1990 and 2010.

gration on urban economies and human capital spillovers in cities.
The growth of cities critically depends on the stock of human capi-
tal (Glaeser and Maré, 2001; Glaeser and Resseger, 2010). High-skilled
immigrants, through their contribution to innovation, have been a main
contributor to its accumulation (Kerr and Lincoln, 2010; Hunt and Gau-
thier-Loiselle, 2010; Hunt, 2011; Bound et al., 2015; Peri et al., 2015;
Jaimovich and Siu, 2017). By examining the effect of foreign STEM
workers on the occupational composition of cities and the productivity
gains from task specialization, this study provides new insights into the
complementary relationships between cities and human capital. This
study also adds new evidence to the potential contribution of cultural
diversity to economic growth (Ottaviano and Peri, 2006; Alesina et al.,
2016).6 One explanation for the positive association between diversity
and economic growth is the cross-country differences in educational
institutions and the resulting cultural differences in skill endowments
and workers’ comparative advantage across tasks (Hanson and Liu,
2017). This study provides evidence for one such set of skills—the STEM
skills of foreign-born workers.

Second, this paper contributes to the vast literature on the labor
market effects of high-skilled immigration. Prior studies have primar-
ily focused on the employment and wage effects of foreign-born STEM
workers (Borjas and Doran, 2012; Peri et al., 2015; Jaimovich and Siu,
2017) or H-1B workers (Doran et al., 2014; Mayda et al., 2017). Rel-
atively few studies have explored native adjustments along the occu-
pational choice margin.7 Therefore, the use of a task-based approach
in this study not only reflects the current conceptual framework of
the labor market across multiple disciplines but also contributes to our
understanding of the complementarity and substitutability between col-
lege natives and college immigrants.8

Within this vast literature, this study is closest in scope to two stud-
ies. One study is Peri and Sparber (2011b), who also examine the task
specialization of native workers in immigrant-intensive occupations.
Their identifying variation relies on native workers with advanced
degrees who switch occupations between consecutive years. This empir-
ical strategy precludes them from capturing the long-run effect of
high-skilled immigration on native occupational structure across cities,
including potential city-level agglomeration effects, which is one of the
main contributions of this study. The second study is Peri et al. (2015),
who use a local labor market approach to study the human capital
spillover effects of foreign STEM workers. They find that the size of pos-
itive spillovers increases with native workers’ educational attainment.
I add to this literature by documenting the great heterogeneity in the
spillover effects within educational groups.

The remainder of the paper is organized as follows. Section 2
describes the data, the measurement of task intensities, and the
definition of the occupational groups. Section 3 presents the empirical
strategy, estimation equation, and potential threats to identification.
Section 4 presents the main results and performs several robustness

6 These studies focus on cultural diversity related to birthplace.
7 To the best of my knowledge, only two studies (Peri and Sparber, 2011b;

Ransom and Winters, 2016) directly examine the effect of high-skilled immigra-
tion on native occupational choice. Whereas Peri and Sparber (2011b) examine
the task specialization of natives, they focus on short-run effects and workers
with advanced degrees. Ransom and Winters (2016) study whether the rise
of foreign-born workers in STEM-related occupations crowds out natives who
reside in their birth state in similar occupations. In a previous version of their
working paper, Peri et al. (2015) include a brief discussion on the relationship
between foreign STEM workers and natives’ supply of innovative tasks.

8 For example, task-based approaches have gained popularity in both labor
and international trade literature (Grossman and Rossi-Hansberg, 2008; Ace-
moglu and Autor, 2011). Wherein models, tasks, or occupations, are the pri-
mary input into the economy. While tasks are complements in the production
function of the economy, workers are perfect substitutes in task production. In
equilibrium, the sorting of workers across occupations is determined by their
comparative advantage schedule across tasks.

290



G.C. Lin Regional Science and Urban Economics 77 (2019) 289–305

checks. Section 5 discusses the employment and wage effects of foreign
STEM workers on college natives as well as their effect on non-college
natives. Finally, Section 6 concludes.

2. Data, definition, and measurement

2.1. Cities as local labor markets

The unit of analysis is at the city level. Cities are approximated by
MSAs. I restrict the analysis to a balanced panel of 219 MSAs between
1990 and 2010. Over 90 percent of foreign-born workers with a bach-
elor’s degree in the sample reside in one of the 219 MSAs in 1990.
By 2000, this share has stabilized at around 95 percent. Because high-
skilled immigrants tend to settle in cities (Kerr et al., 2016), the use of
MSAs, as opposed to alternative definitions of local labor markets (e.g.,
commuting zones or states), arguably provides better estimates of the
inflows and outflows of high-skilled immigrants.

One reason this study uses a local labor market approach is that
high-skilled immigrant flows have a strong and persistent spatial com-
ponent across cities. One explanation for the geographic concentration
of high-skilled immigrants is the localized nature of team production
and knowledge exchange (Kerr and Kominers, 2014). Another reason
is the firm-specific nature of temporary work visas (e.g., H-1B, L1),
which are the primary channel through which foreign-born STEM work-
ers enter the U.S. labor market. Thus, these visa programs create strong
spatial linkages between high-skilled immigrants and industry clusters
(e.g., Silicon Valley in San Francisco, Silicon Alley in New York) (Kerr
and Lincoln, 2010; Peri et al., 2015; Kerr, 2018). This geographic con-
centration of foreign college labor is important not only for capturing
the local effect of high-skilled immigration but also for the identifica-
tion strategy, which relies on this spatial variation in immigrant clus-
tering to generate plausibly exogenous instruments.

Another reason to use a local labor market approach, as opposed to
a national skill-cell approach, is that it allows me to capture the total
effect of an immigrant supply shock and the complementarities across
workers in local labor markets (Dustmann et al., 2016). One disadvan-
tage of this approach is the potential bias arising from the geographic
mobility of college workers (Peri and Sparber, 2011b). Even so, the con-
cern in the high-skilled immigration literature is about native inflows
induced by foreign college workers, as opposed to native outflows in
the low-skilled immigration literature (Kerr et al., 2016). The potential
positive bias resulting from the geographic sorting of college workers
should be sufficiently addressed by the instrumental variable approach
and by controlling for cross-city differences in (imputed) native col-
lege labor flows. Thus, to capture the potential human capital exter-
nalities resulting from high-skilled immigration, the local labor market
approach seems to be more appropriate than a national one.9

2.2. Data

I collect information on occupational employment and wages from
the 1990 and 2000 U.S. Census and the 2010 ACS. All datasets are made
publicly available by Ruggles et al. (2015). The sample is restricted to
non-institutionalized individuals aged 21 to 64 who have worked in
the previous year. This restriction is made to focus on individuals who
are likely to have had sufficient time to acquire a college education
and less likely to be in school at the time of interview. Unpaid family
workers and individuals who are in the military or have unidentifiable
occupations are dropped. Native-born workers (natives) are defined as
individuals born inside the U.S. or born abroad to an American par-
ent, and foreign-born workers (immigrants) are defined as everybody

9 Nonetheless, more research is needed on how to best capture the agglomer-
ation economies associated with high-skilled immigration. I leave this for future
research.

else, conditional on having an identifiable birthplace. Individuals born
abroad with an unidentifiable birthplace (less than one percent of the
sample) are dropped.

2.3. Task intensities

This study’s purpose is to examine the changes in the task con-
tent of native employment during a period of influx of high-skilled
immigrants, that is, between 1990 and 2010. For this analysis, it is
important to have a balanced panel of occupations. To construct such
a panel, I use a crosswalk from Deming (2017) to harmonize a panel
of 340 time-consistent occupations using the three-digit occupational
codes.

I collect information on the task intensities of occupations from the
1998 O∗NET.10 Because an occupation is the composite of many dif-
ferent tasks, and there is no consensus on which tasks are the most
important, I follow prior literature in defining and measuring the task
intensities. For the empirical analysis, the main composite task mea-
sures I consider are social, math, routine, and service task intensities
(Deming, 2017).11 I focus on math and social task intensities in the
main empirical analysis. This choice stems from the fact that college
workers are much more likely to be employed in occupations that are
high in those tasks.12

Now, I briefly describe the construction of the composite task mea-
sures and refer the reader to Appendix C.1 for details. For each occu-
pation, O∗NET contains information on work requirements and worker
characteristics (e.g., abilities, skills, and knowledge) and ranks each
variable on an ordinal scale. Because these ordinal scales have no direct
economic meaning, I first rescale each variable to have a value between
zero and one. Next, I create a composite task measure of interest (e.g.,
math intensity) by taking a simple average of the rescaled individual
task components (e.g., the math intensity of an occupation is the aver-
age of mathematical knowledge, mathematical reasoning, and mathe-
matical skills).13 After averaging, I rescale the composite task measure
again to be between zero and one. Next, I match these composite task
measures to the distribution of all employed workers in the U.S. in 1990
and calculate the percentile rank of task intensities for each occupation,
weighted by total labor supply.14 By construction, the labor supply-
weighted mean of each task percentile across occupations in 1990 is
50. Finally, I match these task percentiles to all employed workers in
the Census and ACS by the harmonized occupation codes and aggre-
gate them to the city level by nativity and by educational attainment,
weighted by person sampling weights. Therefore, a unit increase has

10 This dataset and its predecessor, the Dictionary of Occupational Titles, have
been widely used in the literature to study task-based models of labor (e.g.,
Autor et al., 2003; Autor and Dorn, 2013; Deming, 2017). Because O∗NET cov-
ers more occupations and contains more measures of job characteristics, I prefer
it to its predecessor. I choose the 1998 version of O∗NET over other versions
because it contains the same task intensity variables used in Deming (2017).

11 The definition of social intensity approximates other definitions that have
been used in the task-based literature (e.g., “communicativeness” in Peri and
Sparber, 2011b and “interactiveness” in Michaels et al., 2013b). The definition
of math intensity approximates the “non-routine analytic” task content in Autor
et al. (2003), which is also similar to the definitions of “abstract” or “cognitive”
tasks used in the literature (Autor and Dorn, 2013; Michaels et al., 2013a; Goos
et al., 2014).

12 As Panel B of Table A1 shows, college natives are disproportionately
employed in high-math, high-social occupations (about 16 percent of total
employment, or about 70 percent of all native college workers). In contrast, the
distribution of non-college natives is more even, with the largest share working
in low-math low-social occupations.

13 See Appendix C.1 for more details on the definition of task intensities.
14 Labor supply weights are defined as person sampling weight multiplied by

total hours worked in the previous year. Total hours worked in the previous
year is the product of usual weeks worked and usual hours worked.

291



G.C. Lin Regional Science and Urban Economics 77 (2019) 289–305

Fig. 1. Social, math, and STEM intensities of native employment in MSAs by educational attainment, 1990–2010.

Fig. 2. Social, math, and STEM intensities of high-skilled immigrant employment in MSAs by cohort of entry into the United States, 1990–2010.

the interpretation of a one percentage point increase in the average
task intensity of employment relative to the 1990 level.

Fig. 1 plots the mean task intensities of natives’ national employ-
ment in MSAs by educational attainment for each decade. To reduce
clutter, I only plot social and math intensities. Routine and service
intensities are shown in Fig. A1 in the Appendix. To compare with
foreign college workers’ time trends below, I also plot college natives’
STEM intensity in Fig. 1. First, native college employment is more math,
social, and STEM intensive than native non-college employment. The
differences in task intensities are less pronounced or even reversed
when examining service and routine intensities. Second, native col-

lege employment is more social-intensive than math or STEM-intensive,
whereas non-college natives’ employment is roughly equally intensive
across the three tasks. The stark differences in the task composition of
native college and non-college employment motivate me to focus on
native college workers in the main analysis.

As a comparison, Fig. 2 plots foreign college workers’ average
task intensities according to their cohort of entry into the United
States. Their routine and service intensities are shown in the Appendix
(Fig. A2). There are several interesting observations. First, in con-
trast to native college employment, foreign college workers across all
entry cohorts supply more math and STEM-intensive tasks than social-
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intensive tasks.15 Second, this gap closes with immigrants’ duration of
stay in the United States. This trend could be driven by several fac-
tors, including cultural assimilation and the selective out-migration of
newly arrived immigrants (Hanson and Liu, 2017). Third, except for
immigrants who arrived in the U.S. over 21 years ago, foreign college
workers’ STEM intensity is closely related to their math intensity. In
fact, among foreign-born workers who arrived less than 11 years ago,
their math and STEM intensities are essentially identical.16 Considering
this close relationship between math and STEM intensities, as a robust-
ness check I also examine the effect of high-skilled immigrants using
math-intensive occupations. These results, which are comparable to the
estimates using STEM occupations, are presented in Appendix A. Over-
all, these figures illustrate the distinct and persistent differences in the
task intensities of native and foreign college employment.

2.4. Native occupational employment and wages

One advantage of using task measures is that they are continuous.
One disadvantage is that they are more sensitive to measurement than,
say, the use of broad occupational groups. In the supplementary anal-
yses in Section 5, where I examine the potential displacement effects
and productivity effects of high-skilled immigrants, I partition native
employment into four mutually exclusive and exhaustive occupational
groups based on math and social content: high math, high social; high
math, low social; low math, high social; low math, low social (Deming,
2017). Occupations have high math (high social) content if the math
(social) intensity ranks above the 50th percentile in 1990.

Native occupational employment is calculated using the sample of
native-born workers who are employed in an identifiable occupation
in the previous year. Mean native occupational wages are calculated
by further restricting the sample to individuals with positive wages
and salary income in the previous year. Self-employed individuals are
dropped. Nominal wages are adjusted to 2011 dollars using the Con-
sumer Price Index. Weekly wages are calculated as yearly wages and
salary income divided by the usual number of weeks worked in the
previous year. Native employment and average (log) weekly wages are
aggregated to the MSA level by educational attainment and occupa-
tional groups, weighted by person sampling weights.17 Finally, fail-
ing to account for changing native composition could invalidate the
causal interpretation of the wage estimates. To address this issue, I
present the estimates using composition-adjusted wages, along with a
detailed description of the composition-adjustment procedure, in the
Online Appendix. These estimates, for the most part, are comparable to
the main estimates, though some are less precisely measured.

2.5. STEM occupations

I follow the literature and focus on foreign college workers in STEM
occupations. As mentioned in the Introduction, the composition of
high-skilled immigrants has become concentrated in math and STEM-
intensive fields. This change is brought about by many factors. One of
the main factors is the passing of the Immigration Act of 1990. The Act

15 For newly arrived immigrants (0–5 years), the gap between math and social-
intensive tasks is increasing between 1990 and 2000. This trend is consistent
with the recipients of the temporary work visas such as the H-1B being dispro-
portionately employed in STEM-related fields. This gap narrowed in the 2000s.

16 This fact is consistent with temporary workers who arrived during this
period being relatively young. For example, 90 percent of H-1B workers are
aged 40 or younger (Kerr et al., 2015).

17 It is also common practice in the literature to use labor supply weights in
calculating employment and wage outcomes (Peri and Sparber, 2009; Autor
and Dorn, 2013; Deming, 2017). I present the estimates using these weights in
the Online Appendix. The estimates using labor supply weights on native task
intensities, employment, and wages are similar to the estimates using person
sampling weights.

established temporary work visa programs, such as the H-1B and L-1
visas (Kerr and Lincoln, 2010). Not only did the visa programs increase
the overall stock of foreign talent in the U.S. labor market, but they
also changed the composition of the foreign-born workforce through
disproportionately awarding temporary work visas to foreign workers
in science and engineering and computer-related fields. The increas-
ing representation of foreign college workers in these fields can also be
explained by their comparative advantage in quantitative tasks (Hunt,
2015; Hanson and Slaughter, 2016; Hanson and Liu, 2017).18 To iden-
tify STEM occupations, I use the STEM intensity calculated previously.
I define an occupation as “STEM” if the occupation is in the 95th per-
centile of STEM intensity 1990. The full list of the occupations is shown
in Table C1 in the Appendix. As a robustness check, in Section 4.2.1
I show that the main results are robust to using a range of thresholds
between the 92nd and 96th percentiles.

3. Methodology

In this section, I outline the empirical strategy of the study. First,
I introduce the estimation equation. Next, I describe the construction
of the instrument. Finally, I report the first-stage results, discuss the
validity of the instrument and potential threats to identification, and
perform several falsification tests.

3.1. Estimation equation

Task-based models predict that a supply shock will induce work-
ers facing increased competition to sort into occupations in which their
comparative advantage is strongest. High-skilled immigrants will sort
into STEM-intensive occupations because of the transferability of STEM
skills across national borders, whereas high-skilled natives will sort into
social-intensive occupations that require linguistic, cultural, and local-
ized knowledge. To capture the effect of high-skilled immigration on
native occupational structure, it is important to estimate the total effect
(as opposed to the relative effect) on native labor groups (Dustmann et
al., 2016). To do so, I estimate the following variant of a first-difference
equation for periods 1990–2000 and 2000–2010:

ΔyT
cst = 𝛼 + 𝛽ΔImmSTEM

cst + X′
cst𝛾 + 𝜑s + 𝜑t + 𝜀cst , (1)

where ΔyT
cst is the decadal change in the mean task intensity (T)

of native college employment in city c in state s in time period t.
The regressor of interest, ΔImmSTEM

cst =
(

FSTEM
cst − FSTEM

cst−1

)
∕LTotal

cst−1, is the
decadal flow of foreign college workers (F) in STEM occupations,
adjusted by the total number of workers (L) at the beginning of the
decade. The variable can be interpreted as the per-worker change in
the number of foreign STEM workers.

The vector, Xcst , corresponds to a vector of city covariates (imputed
labor flows and Bartik controls) that adjusts for cross-city labor demand
shifters and productivity shocks. In the preferred specification, I follow
Peri et al. (2015) and impute cross-city flows of high-skilled natives
to account for possible human capital externalities resulting from the
geographic sorting of native college workers (Moretti, 2012; Diamond,
2016). I also impute low-skilled immigrant flows to control for possible
complementarities between non-college and college workers. The impu-
tation of college natives and non-college immigrants is similar to the
imputation of foreign STEM workers, which is described below. That is,
I interact their 1980 cross-city distributions with their national growth
rates, net of MSA’s own-state contribution. The removal of MSA’s own-
state variation is an attempt to alleviate some of the concerns over state-
specific labor demand shocks contaminating the exogeneity of these

18 Kerr and Lincoln (2010) report that approximately 60 percent of all suc-
cessful applications of H-1B visas are awarded to science, engineering, and
computer-related occupations.
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Table 1
Relationship between actual and predicted flows of foreign STEM workers.

Dependent variable: Actual foreign STEM flows (1) (2) (3) (4) (5)

Pred. foreign STEM flows 1.060∗∗∗

(0.246)
1.031∗∗∗

(0.253)
1.028∗∗∗

(0.297)
Pred. foreign STEM flows using foreign non-college flows 0.028∗

(0.017)
Pred. foreign STEM flows using non-STEM occupations 0.026

(0.018)
Imputed labor flows ✓ ✓ ✓
Bartik controls ✓ ✓ ✓ ✓
State, period FE ✓ ✓ ✓ ✓ ✓
F-statistics 18.550 16.629 11.985 2.744 2.140

N = 438 (219 × 2). All regressions include period and state fixed effects. Column 2 includes Bartik controls, and column 3 additionally includes
imputed labor flows. Bartik controls include Bartik college employment and wage growth controls. Imputed labor flows include predicted native
college labor flows and predicted non-college immigrant flows. Standard errors in parentheses are clustered at the MSA level. Statistical significance
is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

control variables. I also include two imputed employment and wage
growth variables, separately for college and non-college workers, to
capture labor demand and productivity shocks associated with local
industrial structure (Bartik, 1991). The construction of these variables
is discussed in Appendix C.2. Finally, state fixed effects, 𝜑s, capture
any state-specific unobservables that are correlated with the outcomes
of interest and are trending approximately linearly, and decade fixed
effects, 𝜑t , capture any national shocks.

With the inclusion of these control variables, I essentially compare
changes in native task intensities between cities that are in the same
state and experience similar imputed labor demand shocks. The main
identification assumption is that, conditional on these controls, there
are no time-varying within-state unobservables that are correlated with
both changes in local labor demand and the migration patterns of for-
eign STEM workers.

3.2. Instrument

Even with the extensive set of control variables, the flow of for-
eign STEM workers is still likely to be endogenous. This is because of
the tendency of immigrant workers to move to cities with employment
opportunities. This is potentially problematic if the changes in occu-
pational structure are induced by factors other than high-skilled immi-
gration that also have a strong and persistent spatial component (e.g.,
the rise of tech hubs like San Jose). To address this issue, I construct
a version of the shift-share instrument that is standard in the literature
(Card, 2001) and estimate Equation (1) using two-stage least squares
(TSLS) regression models. Specifically, I construct a leave-one-out shift-
share instrument that predicts the growth of foreign STEM workers in
each MSA based on two sources of variation: the distribution of for-
eign STEM workers across MSAs in 1980—a decade prior to the sample
period—and the aggregate growth of foreign STEM workers by nation-
ality groups after removing MSA’s own-state supply.19 More precisely,
the imputed flow of foreign STEM workers in MSA c in state s at time t
is ΔÎmmSTEM

cst =
(

F̂STEM
cst − F̂STEM

cst−1

)
∕LTotal

cst−1,
where

F̂STEM
cst =

∑
i∈I

FSTEM
ics1980

(
FSTEM

i−cst
FSTEM

i1980

)
, (2)

19 The 10 nationality groups are Africa, Canada and Oceania, China (main-
land, excluding Hong Kong, Macau, Taiwan), Eastern Europe, India, Mexico,
Other, Rest of Americas, Rest of Asia, and Western Europe. Canada and Ocea-
nia are aggregated together because Oceania makes up a very small portion of
the foreign college workers during the sample period (less than one percent).
Separating workers from Canada and Oceania does not change the results.

and i is a nationality group, and −c denotes the removal of MSA’s own-
state contribution to the national supply of foreign STEM workers.20

As mentioned earlier, the choice to remove MSA’s own-state variation,
rather than MSA’s own variation, in the instrument is to eliminate the
variation associated with state-level policies (e.g., E-Verify laws, public
transfers) or proximity to national borders (e.g., California, Texas).21

3.3. First-stage results and instrument validity

Columns 1 to 3 of Table 1 present the TSLS first-stage results for
the excluded instrument. The F-statistics are all above the conventional
level, even after the inclusion of the extensive set of control variables.
The estimates indicate a strong and statistically significant relation-
ship between the actual and predicted flows of foreign STEM work-
ers across MSAs between 1990 and 2010. Additionally controlling for
Bartik college employment and wage growth variables (column 2) and
other types of imputed labor flows (column 3) does not significantly
change the predictive power of the instrument.

The validity of the instrument rests on two assumptions: the instru-
ment is strongly correlated with the regressor of interest (shown above)
and, conditional on the set of control variables, uncorrelated to changes
in local labor demand that affect native occupational choice. For exam-
ple, the validity of the instrument could fail if the distribution of foreign
STEM workers across cities is still conditionally correlated with unob-
served local labor demand shifters. I have attempted to alleviate some
of this concern in a couple of ways. First, I control for several potential
confounding shocks that have been well-documented in the literature
(Peri et al., 2015). Second, I construct the instruments using the his-
torical distribution of workers across cities in 1980, a decade prior to
the sample period of interest. The base year of 1980 also predates the
period of rapid advancements in ICT that occurred in the 1980s–90s.

As noted by Jaeger et al. (2018), lagging the “shares” in the shift-
share instrument may not sufficiently address the endogeneity problem
if the migration patterns of foreign-born workers are persistent through
time. For example, cities like New York and Los Angeles have been
immigrant hubs since post-WWII and throughout the sample period.
Failing to account for the persistence in the spatial variation of immi-
grant flows will likely conflate the effects of high-skilled immigra-
tion with labor demand factors driving the migration pattern of immi-
grants. To guard against this potential bias, I show that the main esti-
mates are not sensitive to the exclusion of top foreign STEM-receiving

20 A few MSAs (about 7 percent) cross state lines. In such instances, I assign
the MSA to the state that contains the largest share of that MSA’s population.

21 I have experimented with removing MSA’s own contribution in constructing
the instruments. The results, shown in the Online Appendix, are very similar
because of the high correlation between the two methods (e.g., the correlation
coefficient between the two imputed foreign STEM flows is over 0.96).
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Table 2
TSLS estimates of effect of foreign STEM workers on native college task intensities.

Dependent variable:
change in native
college task intensity

Preferred
specification
(1)

Column 1, use state-year
fixed effects
(2)

Column 1, use MSA
fixed effects
(3)

Column 1, drop top
immig. cities
(4)

Column 1, drop zero
immig. cities
(5)

Social 0.771∗∗

(0.316)
0.651∗∗

(0.281)
1.351∗∗

(0.535)
1.573∗∗∗

(0.458)
0.754∗∗

(0.323)
Math 0.379

(0.253)
0.392
(0.265)

0.934
(0.603)

0.901∗

(0.532)
0.329
(0.249)

R2 0.389 0.495 0.581 0.341 0.438
F-statistic 11.985 11.231 5.106 24.173 9.716

N = 438 (219 × 2), except for column 4 (N = 426) and column 5 (N = 398). Except for columns 2 and 3, all regressions include period and
state fixed effects; column 2 uses state-by-year fixed effects; column 3 uses period and city fixed effects. All regressions include the full vector
of labor market controls: predicted native college labor flows, predicted non-college immigrant flows, and Bartik college employment and wage
growth controls. Standard errors in parentheses are clustered at the MSA level. Statistical significance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗

p < 0.01.

cities or the exclusion of cities that received very few foreign STEM
workers.

Finally, to provide evidence that the instrument is not simply cap-
turing aggregate labor demand growth, I next perform two falsifica-
tion tests. First, I predict the flows of foreign STEM workers by inter-
acting their 1980 distribution with the flows of foreign non-college
workers. The estimate in column 4 indicates that there is a very
low correlation between the actual and the predicted flows using this
imputation method. This suggests that the instrument is not driven
by the aggregate demand for foreign labor. Second, I impute foreign
STEM flows by replacing the distribution of foreign college workers
in STEM occupations with the distribution of foreign college workers
in non-STEM occupations (below the 95th percentile in STEM inten-
sity). This tests whether the initial spatial distribution of STEM occu-
pations is correlated with local labor market unobservables that are
driving foreign college labor demand. The estimate in column 5, which
is also null, suggests that this is not the case. Overall, these falsifi-
cation tests provide evidence against the growth in aggregate labor
demand as the main source of variation in the predictive power of the
instrument.

4. Results

In this section, I begin by examining how foreign STEM workers
affect the task intensity of native college employment. Next, I perform
several robustness checks, which include examining the sensitivity of
the main estimates to alternative definitions of STEM occupations and
testing for the existence of pre-sample trends.

4.1. Task intensities

The regressor of interest is the per-worker change in the number
of foreign STEM workers.22 Outcomes are decadal changes in the task
intensities of native employment. Because workers with similar lev-
els of formal training are likely to be closer substitutes, I focus on

22 As shown earlier, there is a close relationship between the STEM and math
intensities of foreign college employment. This raises the question of whether
similar task specialization effects would be observed using the per-worker
change in the number of math-intensive high-skilled immigrants as the regres-
sor of interest. The estimates in Table A3 in the Appendix indicate that the
magnitudes using this definition are larger than the estimates in this section,
though the differences are not statistically significant. As a further robustness
check, I have also re-done the analysis using the methodology in Peri et al.
(2015). Their methodology relies on the variation resulting from the changes in
H-1B policies in the early 2000s. These estimates are presented in Appendix B
and are also very similar to the estimates in this section.

the effect of foreign STEM workers on college natives in this section
and discuss their effects on non-college natives in Section 5.2. Table 2
presents the results for social and math task intensities. Each cell rep-
resents a separate regression, and each column corresponds to a dis-
tinct econometric specification. In column 1, I report the estimates
from my preferred specification, which includes the full set of control
variables: Bartik college employment and wage growth variables, pre-
dicted flows of non-college immigrants, and predicted flows of college
natives.

Column 2 reports the estimates from the regressions that use state-
by-year fixed effects. Because the estimation is in first-differences, the
inclusion of these fixed effects allows the changes in outcomes to have
differential state-specific trends across decades. There is growing evi-
dence that the growth in demand for STEM-related occupations has
slowed considerably after 2000 (Beaudry et al., 2015; Deming, 2017).
Thus, this specification is useful for examining the assumption of con-
stant time trends in column 1.23

Even with the extensive set of controls for local labor demand shocks
and state fixed effects, cities may still exhibit differential trends, which
could lead to biased estimates. In column 3, I attempt to address this
concern by including MSA fixed effects. The resulting specification is
much more demanding because I only have two periods of variation at
the city level.24 After controlling for city fixed effects, the instrument
loses a substantial amount of predictive power, where the F-statistic
now falls below the conventional level required for a strong instrument.
Thus, one should interpret the estimates from this specification with
caution.

The next two columns address possible confounding shocks that
are associated with the geographic concentration of high-skilled immi-
grants. Two cities (e.g., Stamford, CT and San Jose, CA) stand out as
cities that received a large number of high-skilled immigrants over this
period (see Fig. A3). To check whether the results are driven by the
inclusion of these immigrant hubs or cities that received little or no
high-skilled immigrants, I re-estimate Equation (1) in two ways: first by
dropping the top five high-skilled immigrant-receiving cities (Los Ange-
les, CA; New York, NY; San Francisco, CA; San Jose, CA; Washington,
DC) and Stamford, CT, and second by excluding cities with zero for-
eign STEM workers in 1980 (20 per decade). Because the imputation

23 Despite the slowdown in the aggregate demand for high-wage (highly cogni-
tive) occupations, Gallipoli and Makridis (2018) present evidence showing that
earnings premiums continued to grow in IT-intensive jobs. This finding sug-
gests that there is great heterogeneity in task demand even within occupational
groups.

24 This is similar to the econometric specifications in Peri et al. (2015). One
difference is that I include both the predicted flows of low-skilled immigrants
and high-skilled natives as controls, whereas they use separate regressions.

295



G.C. Lin Regional Science and Urban Economics 77 (2019) 289–305

Table 3
TSLS estimates of effect of foreign STEM workers on college natives’ alternative task intensities.

Dependent variable:
change in native college
task intensity

Routine
(1)

Service
(2)

Require social
(3)

Coordinate
(4)

Interact
(5)

Reasoning skills
(6)

Number facility
(7)

STEM
(8)

Info. use
(9)

Foreign STEM flows −0.669∗

(0.371)
0.624∗∗

(0.279)
0.747∗∗

(0.322)
0.151
(0.238)

0.399
(0.272)

0.414
(0.254)

0.266
(0.241)

0.023
(0.287)

0.506∗

(0.276)
R2 0.317 0.258 0.240 0.264 0.400 0.476 0.230 0.140 0.446

N = 438 (219 × 2). All regressions include period and state fixed effects as well as the full vector of labor market controls: predicted native college labor
flows, predicted non-college immigrant flows, and Bartik college employment and wage growth controls. Standard errors in parentheses are clustered at the
MSA level. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

of foreign STEM flows is based on the 1980 distribution, the second
method also excludes cities with zero predicted flows between 1990
and 2010.

Across all specifications, I find robust evidence of foreign STEM
workers increasing the social intensity of native college employment.
The preferred estimate indicates that a one percentage point increase in
high-skilled immigrants in STEM occupations per worker significantly
increases the social intensity of tasks performed by college natives, rel-
ative to the 1990 level, by about 0.77 percentage points on average. In
terms of implied effect, a one standard deviation increase in per-worker
foreign STEM supply (approximately 0.57 percentage points between
1990 and 2000) can explain about 71 percent (0.77 × 0.57/0.62) of the
0.62 percentage point increase in social intensity over the same period.
I restrict to 1990–2000 because of the large inflows of foreign STEM
workers during this period and the stagnant aggregate demand growth
for high-wage occupations in the 2000s, which complicates the inter-
pretation of the change in aggregate native college employment. The
implied impact of an average-sized supply shock is smaller, which is
about 47 percent (0.77 × 0.38/0.62) of the increase. Although these
implied effects are large, it is also important to keep in mind that
the employment share of foreign STEM workers doubled from 0.28
to 0.57 percent between 1990 and 2000. This magnitude is larger, in
percent terms, than the 28 percent increase from 0.57 to 0.73 per-
centage points between 2000 and 2010 (Panel B of Table A1 in the
Appendix).

The estimated increase in social intensity is over twice the estimated
increase in college natives’ math intensity (0.38 percentage points),
which is statistically indistinguishable from zero. Although one regres-
sion finds a positive effect (column 4), the magnitude of the coeffi-
cient is smaller than the magnitude of the coefficient on social inten-
sity, and the estimate is only marginally significant. One explanation
for the small, positive coefficient on math intensity is the strengthen-
ing of the complementarity between math and social-intensive tasks
(Deming, 2017), which induces college natives to enter high-math high-
social occupations, as opposed to low-math high-social occupations, in
response to the increase in foreign STEM workers. I discuss this point
in more detail when I examine the shifts in native college employment
in Section 5.1.

Table 3 presents the results for routine, service, STEM, and auxil-
iary task intensities. Overall, the results suggest that the task special-
ization effects are concentrated in social-intensive tasks. The estimate
in column 1 indicates that increases in foreign STEM flows decrease the
routine intensity of college natives’ employment. The magnitude of the
decrease (−0.67 percentage points) is similar to the positive effect on
social intensity. This finding can be explained by the moderate neg-
ative correlation between social and routine intensities across occu-
pations (the correlation coefficient is about −0.59). The estimates in
the next two columns indicate that there are positive effects on college
natives’ employment in service-intensive occupations and occupations
that require social interaction. The magnitude of the estimates (about
0.62–0.75 percentage points) are also similar to the size of the main

estimate on social intensity and are statistically significant at the 5 per-
cent level.

For the most part, the estimates on other task intensities provide
additional evidence that the task specialization effect is concentrated
in social-intensive tasks. Columns 4 and 5 report the estimates on coor-
dination and interaction-intensive tasks. These tasks are high in com-
munication and interpersonal relationship content (see Appendix C.1
for the definitions). The estimates suggest that increases in college
natives’ social intensity are only weakly associated with communica-
tion and coordination-intensive tasks (see the discussion below). The
estimates on other task intensities (e.g., deductive and inductive rea-
soning, number facility, STEM) are small and imprecisely measured.
One exception is the marginally significant positive effect on infor-
mation and data analysis-intensive tasks. However, in view of the
robust positive social intensity results and the mostly null findings
on math intensity, spurious demand factors should not be a big con-
cern.

Because the composite task measures in Table 2 consist of several
different underlying tasks, the estimates may be capturing the offset-
ting effects of high-skilled immigrants on the individual task compo-
nents. Table 4 investigates this possibility. Panel A reports the estimates
on the individual components of social intensity, and Panel B reports
the results for the individual components of math intensity. As a com-
parison, I also include the individual components of STEM intensity
(e.g., math skill, science skill, technology design, and programming) in
Panel C.

The estimates in Panel A and B reaffirm previous findings. Among
the individual components of the social task measure, all estimates indi-
cate a positive relationship between foreign STEM flows and college
natives’ supply of social tasks. Except for the estimate on the coordi-
nation component, all the other estimates are statistically significant,
with magnitudes between 0.71 and 0.88 percentage points. This finding
also explains the weak relationships between foreign STEM flows and
college natives’ supply of coordination-intensive tasks in Table 3. The
estimates on the individual math components (Panel B) are small, sim-
ilar in magnitude, and statistically indistinguishable from zero. These
magnitudes are comparable to the coefficient on the composite math
task measure.

In contrast to the previous panels, the estimates in Panel C indi-
cate that relationships between foreign STEM flows and college natives’
supply of science, technology design, and programming task intensities
are negative, with a larger effect on programming-related tasks. How-
ever, none of the estimates are statistically significant. Overall, the
results in this section suggest that native college workers who are in
direct competition with foreign STEM workers are performing more
social-intensive tasks. This result is consistent with Peri and Sparber
(2011b), who also find a similar short-run adjustment along the occupa-
tional choice margin for natives with advanced degrees. The estimates
also suggest that some college natives may be reallocating from STEM-
intensive tasks to high social occupations, of which some may also be
high in math content (e.g., managers, finance).
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Table 4
TSLS estimates of effect of foreign STEM workers on college natives’ individual task components.

Panel A. Social Coordination
(1)

Negotiation
(2)

Social perception
(3)

Persuasion
(4)

Foreign STEM flows 0.191
(0.220)

0.705∗∗

(0.299)
0.873∗∗∗

(0.330)
0.877∗∗∗

(0.318)
R2 0.364 0.325 0.452 0.440

Panel B. Math Mathematical
knowledge
(5)

Mathematical
reasoning
(6)

Mathematical
skills
(7)

Foreign STEM flows 0.219
(0.225)

0.253
(0.240)

0.401
(0.256)

R2 0.254 0.270 0.218

Panel C. STEM Mathematical
skills
(8)

Science
skills
(9)

Technology
design
(10)

Programming
(11)

Foreign STEM flows 0.401
(0.256)

−0.062
(0.296)

−0.326
(0.337)

−0.614
(0.410)

R2 0.218 0.116 0.101 0.085

N = 438 (219 × 2). All regressions include period and state fixed effects as well as the full vector
of labor market controls: predicted native college labor flows, predicted non-college immigrant
flows, and Bartik college employment and wage growth controls. Standard errors in parentheses are
clustered at the MSA level. Statistical significance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 5
Sensitivity analysis of definition of STEM-Intensive occupations.

Dependent variable: change in
native college task intensity

92 Percentile
(2)

93 Percentile
(3)

94 Percentile
(4)

95 Percentile
(5)

96 Percentile
(6)

Social 0.744∗∗∗

(0.227)
0.760∗∗∗

(0.231)
0.799∗∗

(0.349)
0.771∗∗

(0.316)
0.869∗∗

(0.396)
Math 0.201

(0.234)
0.177
(0.235)

0.082
(0.305)

0.379
(0.253)

0.393
(0.290)

R2 0.373 0.376 0.383 0.389 0.387
F-statistic 19.480 18.519 8.224 11.985 8.239

N = 438 (219 × 2). The number of STEM occupations in each column (from left to right): 49, 46, 38, 32, 25. All regres-
sions include period and state fixed effects as well as the full vector of labor market controls: predicted native college labor
flows, predicted non-college immigrant flows, and Bartik college employment and wage growth controls. Standard errors
in parentheses are clustered at the MSA level. Statistical significance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

4.2. Robustness

This section first analyzes the robustness of the main estimates to
using alternative definitions of STEM occupations. Next, I test for the
existence of pre-sample period trends.

4.2.1. Sensitivity analysis of STEM intensity
Because there is no consensus on what defines a “STEM” occupa-

tion, any empirical exercise that relies on its definition is somewhat
ad hoc. I have chosen to use the 95th percentile (e.g., top 5 per-
centile) as my threshold; nonetheless, it is certainly not the only viable
option. To alleviate concerns that my definition is driving the main
results, Table 5 presents the estimates for different thresholds, rang-
ing from the 92nd to the 96th percentiles.25 The number of occupa-
tions under each definition is reported at the bottom of Table 5. The
number ranges from 25 occupations to almost twice as many (49).
Despite the different thresholds and the different number of occupa-
tions, the estimates are all quantitatively similar and at least statis-
tically significant at the 5 percent level. These results indicate that
the main estimates are not driven by my definition of STEM occupa-
tions.

25 These thresholds correspond to the top 4 and 8 percentiles used in Peri et
al. (2015).

4.2.2. Pre-trends
One remaining concern is that I am simply capturing the secular

shifts in the U.S. occupational structure. If technological change is driv-
ing more college workers to enter less routine (and thus more social-
intensive) occupations over time in immigrant-intensive cities (Autor et
al., 2003; Autor and Dorn, 2013), then the relationship between high-
skilled immigration and native specialization in social tasks would be
positive, absent any causal effect.

To test whether there are pre-existing changes in native occupa-
tional structure, I re-estimate Equation (1) using TSLS and include
the change in college natives’ task intensity in the pre-sample period
(1980–90) as a control.26 These results are presented in columns 2 and
3 of Table 6. The main difference between column 2 and column 3
is that column 3 interacts the pre-sample period dependent variable
with decade fixed effects, relaxing the assumption that the effect of the
change in native task intensities is constant across decades (the assump-
tion in column 2).

The magnitude of the estimates on social and math intensities
remains stable across specifications. To the extent that there are dif-
ferential trends in outcomes in the pre-sample period, this finding sug-
gests that they are unlikely to drive the main results. To provide further

26 Earlier periods (e.g., 1970) were not used because of the drop in the number
of cities (N = 116) and the number of occupations (N = 272).
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Table 6
Pre-trend analysis of native college task intensities.

Change in task intensity, 1990–10 Pre-period change in task intensity, 1980–90

Dependent variable:
change in native
college task intensity

Explanatory
variable: foreign
college STEM flows

Preferred
specification
(1)

Include dep.
var. 1980–90
(2)

Include period FE ×
dep. var. 1980–90

(3)

Foreign STEM
flows 1990–00
(4)

Foreign STEM
flows 2000–10
(5)

Foreign STEM
flows 1990–10
(6)

Social Current flows 0.771∗∗

(0.316)
0.762∗∗

(0.313)
0.776∗∗

(0.316)
Future flows 0.004

(0.108)
−0.211
(0.285)

−0.067
(0.179)

Math Current flows 0.379
(0.253)

0.417
(0.265)

0.431
(0.264)

Future flows 0.379
(0.298)

0.552
(0.435)

0.628
(0.453)

F-statistic 11.985 11.963 11.957

N = 438 (219 × 2), except for columns 4 to 6 (N = 219). All regressions include period and state fixed effects, predicted native college labor flows, predicted
non-college immigrant flows, and Bartik college employment and wage growth controls. Columns 2 and 3 additionally include 1980–90 dependent variable
and the interactions of period fixed effects with 1980–90 dependent variable, respectively. The regressor of interest in columns 1 to 3 is the current flows of
high-skilled immigrants in STEM occupations per worker. In columns 4 to 6, the regressor of interest is the future flows of high-skilled immigrants in STEM
occupations per worker. Statistical significance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

evidence that the control variables sufficiently capture potential con-
founding shocks, I now check whether pre-sample period changes in
native tasks are correlated with future foreign STEM flows. To conduct
the tests, I run OLS regressions of pre-sample period changes in native
task intensities on future foreign STEM flows. I do so separately for the
flows between 1990 and 2000 (column 4), between 2000 and 2010 (col-
umn 5), and the average flows between 1990 and 2010 (column 6). All
regressions include state fixed effects, Bartik college employment and
wage controls (1980–90), and predicted college native and low-skilled
immigrant flows (1980–90).

The estimates in columns 4 to 6 of Table 6 indicate that, condi-
tional on city covariates, future foreign STEM flows are uncorrelated
with the pre-sample period changes in college natives’ social intensity.
This alleviates some of the concerns that secular changes in native occu-
pational structure are driving the increases in natives’ supply of social-
intensive tasks. Although I observe a positive relationship between col-
lege natives’ supply of math-intensive tasks and future flows of for-
eign STEM workers, the estimates are never statistically significant.
The positive association suggests that cities that eventually received
large inflows of foreign STEM workers were already becoming rela-
tively math-intensive. This positive relationship is consistent with the
empirical finding that historically STEM-intensive cities received large
inflows of high-skilled STEM immigrants after 1990 (Kerr and Lincoln,
2010; Peri et al., 2015). One reason for this positive relationship is that
many STEM-related occupations require extended formal training, and
the establishment of temporary work visa programs helps meet the ris-
ing demand.27 It is also worth noting that although college natives’ sup-
ply of math tasks is positively associated with high-skilled immigration
during the sample period, the relationship, for the most part, is weak,
not statistically distinguishable from zero, and becomes much weaker
as the definition of STEM occupations becomes less strict.

5. Extension

In this section, I analyze the employment and wage effects of foreign
STEM workers on native-born college workers. I also discuss their effect
on the occupational structure of native non-college workers.

5.1. Labor market effects

So far, I have focused on the shifts in the task intensities of college
natives’ employment. However, I cannot yet rule out that high-skilled

27 This is at the core of the contentious debate surrounding the H-1B visa.

immigrants may be crowding out native college workers. That is, the
change in social intensity is driven by the reduction in the employment
level of native college workers. I now turn to this issue. I estimate a
variant of Equation (1), replacing the outcome of interest with the per-
worker change in the number of native college workers (N) in an occu-
pational group (O) (e.g., high math, high social; high math, low social;
low math, high social; low math, low social), that is,

ΔyO
cst =

(
NO

cst − NO
cst−1

)
LTotal

cst−1
. (3)

This specification, which has been widely used in prior studies (e.g.,
Card and DiNardo, 2000; Peri et al., 2015), allows me to capture any
potential displacement effects of high-skilled immigration.28 These esti-
mates are reported in Panel A of Table 7.

The estimated employment effect of foreign STEM workers on col-
lege natives is very noisy. Nonetheless, this is similar to the estimate
of −0.62 percentage points in Peri et al. (2015) when they control for
imputed native college labor flows.29 However, because of the differ-
ences in worker samples, econometric specifications, and identification
strategies, the estimates are not directly comparable. I explain some of
the key differences in Appendix B.

By occupational groups, most of the estimates in Panel A of Table 7
indicate that there are no significant displacement effects. One excep-
tion is the decline in the employment of college natives in low-math
low-social occupations (−0.47 percentage points). The implied impact
of a one standard deviation increase in per-worker foreign STEM sup-
ply is −0.27 percentage points, or a 9.27 percent (−0.47 × 0.57/2.89)
decline relative to the 1990 level. One explanation for this decline is
the disappearance of routine-intensive work in STEM-intensive cities,
where foreign STEM inflows increase the pace of innovation and faster
adoption of task-replacing technologies. Because of the negative cor-
relation between social and routine intensities, low-social occupations
include occupations high in routine content, and thus this employment
decline is also consistent with the fall in college natives’ routine inten-
sity in Table 3. Overall, the lack of significant displacement effects in
high-math occupations helps explain why I failed to observe significant

28 Furthermore, Peri and Sparber (2011a) demonstrate that this specification
is likely to perform better than other specifications (e.g., log-log).

29 In other specifications, they mostly find positive employment effects, with
magnitudes between −0.60 and 8.46, though the standard errors are usually
much larger than the estimates.
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Table 7
TSLS estimates of labor market effects of foreign STEM workers.

Dependent variable:
change in native college
labor market outcome

Total
(1)

High math
high social
(2)

High math
low social
(3)

Low math
high social
(4)

Low math
low social
(5)

Panel A. Employment per worker
Foreign STEM flows −0.241

(2.040)
0.340
(1.535)

−0.083
(0.077)

−0.030
(0.310)

−0.468∗∗

(0.220)
R2 0.358 0.378 0.224 0.297 0.242

Panel B. Log weekly wages
Foreign STEM flows 3.225∗∗∗

(1.015)
2.232∗∗

(0.984)
−0.242
(2.471)

3.603∗∗

(1.413)
2.432
(1.564)

R2 0.752 0.619 0.282 0.400 0.578

N = 438 (219 × 2). All regressions include period and state fixed effects as well as the full vector of labor market
controls: predicted high-skilled native flows, predicted low-skilled immigrant flows, and Bartik college employment
and wage growth controls. Standard errors in parentheses are clustered at the MSA level. Statistical significance is
denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 8
TSLS estimates of foreign STEM workers on non-college natives.

Dependent variable:
change in native non-college
task intensity and labor market outcome

Social intensity
(1)

Math intensity
(2)

Routine intensity
(3)

Service intensity
(4)

Per-worker
employment
(5)

Log weekly
wage
(6)

Foreign STEM flows 0.107
(0.154)

−0.182
(0.232)

−0.077
(0.135)

0.276
(0.191)

−7.033∗∗

(3.316)
−0.132
(0.871)

R2 0.364 0.550 0.440 0.341 0.337 0.848
F-statistic 12.654 12.654 12.654 12.654 12.654 12.654

N = 438 (219 × 2). All regressions include period and state fixed effects as well as the full vector of labor market controls: predicted native college
labor flows, predicted non-college immigrant flows, and Bartik non-college employment and wage growth controls. Standard errors in parentheses are
clustered at the MSA level. Statistical significance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

falls in the math intensity of college natives’ employment in the previ-
ous section.

The estimates on task intensities and the absence of crowd-out
effects, particularly in high-math occupations where the competition
with foreign STEM workers is most intense, suggest that there is
increased native task specialization. If this is indeed the case, there
could be productivity gains, and these gains should be reflected in
their wages. Moreover, the gains from task specialization should be
strongest in high-social occupations that complement STEM-intensive
tasks. Panel B of Table 7 presents the wage effects of foreign STEM
workers. The outcomes of interest are changes in mean (log) native
weekly wages across occupational groups. The outcomes are multi-
plied by 100, and thus the estimates can be interpreted as percent
changes.

Foreign STEM workers have a positive wage effect on college
natives. I estimate a one percentage point increase in high-skilled
immigration in STEM occupations per worker significantly increases
native college wages by about 3.23 percent. The magnitude of the
estimate is smaller than the estimated wage gains of about 8 per-
cent in Peri et al. (2015).30 By occupational groups, although not sta-
tistically distinguishable from each other, the wage effects are pos-
itive, larger, and statistically significant for college natives in high-
social occupations (both high math and low math), with magnitudes
about 2.23–3.60 percent. In contrast, the estimates for low-social occu-
pations are less precisely measured and even slightly negative (e.g.,
high math, low social). The fact that the wage effects are positive and

30 The difference in the magnitudes can be partially reconciled by including
city fixed effects in my preferred specification. After including city fixed effects,
the wage gains are estimated to be about 4.36 percent (t = 1.86). However, I
am less confident about using this specification because of the severely under-
powered instrument, where the F-statistic is 5.11 (see the bottom of column 3
in Table 2).

larger for college natives in high social-occupations is consistent with
the comparative advantage of native-born workers in social-intensive
tasks.

This section presents evidence to suggest that the influx of high-
skilled immigrants has limited employment effects on native college
workers at the level of these broad occupational groups. Nevertheless,
it is worth emphasizing that the findings in this section do not pre-
clude possible displacement effects at more narrowly defined occupa-
tional groups or skill cells (e.g. Borjas and Doran, 2012; Doran et al.,
2014; Bound et al., 2015). The method used in this paper is ill-equipped
to capture these crowding out effects.31 Combined with the observed
shifts in college natives’ task intensities, the wage estimates in this
section provide supporting evidence for the claims about the produc-
tivity gains arising from task specialization. As the estimates indicate,
the wage gains are uneven across occupational groups. The productiv-
ity effects are concentrated in high-social occupations in which college
natives have a comparative advantage. Among these occupations, the
wage gains are larger in low-math occupations.

5.2. Effect on non-college natives

While previous sections have focused on the responses of college
natives, high-skilled immigrants can also affect non-college natives’
occupational choice and labor market outcomes. Table 8 analyzes this

31 It is unclear whether this kind of crowd-out is the parameter of interest
when considering the welfare effects of high-skilled immigration. For example,
while the hiring of foreign computer scientists can decrease the hiring of native
computer scientists, it can also lead to greater output and total employment of
computer scientists (Bound et al., 2015).
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possibility and presents the results for non-college natives’ task supplies,
employment, and wages. To account for local labor demand shifts and
productivity shocks associated with non-college workers, I replace Bar-
tik college employment and wage controls in Equation (1) with Bartik
non-college employment and wage controls.

First, the estimates on task intensities in the first four columns of
Table 8 indicate that there is no task specialization effect. Although the
estimates are noisy, the magnitudes are generally small (about −0.18 to
0.28 percentage points). This finding conforms with our intuition that
high-skilled immigrants in highly technical occupations such as STEM
are unlikely to be directly competing with non-college natives, who
have much less formal training than college natives on average.

Second, the estimated employment effect on low-skilled natives in
column 5 is −7.03 percentage points, which is large, negative, and
marginally significant. This estimate is comparable to the estimates in
Peri et al. (2015), who also find that the employment effects of for-
eign STEM workers on non-college natives are negative, though most
of their estimates are imprecisely measured. This negative relationship
can be explained by the disappearance of low-wage occupations, which
disproportionately employ non-college workers, and the concomitant
increase in the geographic concentration of college workers in dense
urban labor markets (Diamond, 2016). The wage estimate in column 6
is not informative. Because of the large standard error, I cannot rule out
a small increase or a small decrease in non-college natives’ wages using
the 95 percent confidence interval. The imprecision of the estimates
in this section suggests that other economic forces, including interna-

tional trade and automation, may have a larger impact on low-skilled
natives’ occupational employment and wages than high-skilled immi-
gration. The results also indicate that the effect of foreign STEM work-
ers is concentrated in college natives.

6. Conclusion

This study examines the effect of high-skilled immigration on urban
economies through the lens of a task-based approach. I present evidence
of increases in foreign competition in STEM occupations inducing col-
lege natives to perform more social-intensive tasks. Native occupational
adjustment likely dampened the adverse wage effects from the increase
in the supply of foreign STEM workers. I find evidence to suggest
that the productivity gains from the increase in foreign STEM workers
accrue to college natives, with the effects concentrated in occupations
that are high in social content. Thus, this study identifies the task spe-
cialization effect of foreign STEM workers as one potential channel of
human capital externalities in local labor markets. The findings in this
study also provide suggestive evidence that urban economies, which are
becoming more interactive and team-oriented, benefit from the inflows
of high-skilled immigrants not only through their direct contribution to
the local economy via the traditional channels that have been identified
in the previous literature (e.g., innovation) but also from their effect on
the native occupational structure and the increased task specialization
of the urban workforce.

Appendix A. Additional figures and tables

Fig. A1 Routine and service intensities of native employment in MSAs, 1990–2010.
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Fig. A2 Routine and service intensities of high-skilled immigrant employment in MSAs, 1990–2010.

Fig. A3 Relationship between actual and predicted flows of foreign STEM workers across MSAs, 1990–2010.
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Table A1
Summary statistics of task intensities and occupational employment.

1990 2000 2010

Mean SD Mean SD Mean SD

Panel A. Task intensity
Native college, math intensity 66.49 2.06 66.39 1.99 64.96 2.09
Native college, routine intensity 38.07 1.67 39.44 1.63 39.13 1.49
Native college, service intensity 65.13 3.00 66.39 2.80 66.54 2.59
Native college, social intensity 68.31 1.48 68.93 1.49 68.13 1.50
Native non-college, math intensity 42.72 2.25 43.66 2.44 42.54 2.27
Native non-college, routine intensity 54.26 2.35 53.27 2.17 51.22 1.75
Native non-college, service intensity 46.57 2.88 48.60 2.98 51.39 2.55
Native non-college, social intensity 42.07 2.46 43.79 2.69 44.47 2.33

Panel B. Employment share
Foreign college 1.67 1.58 2.75 2.66 3.78 3.33
Foreign college, math-intensive 0.23 0.27 0.42 0.51 0.49 0.57
Foreign college, STEM-intensive 0.28 0.34 0.57 0.78 0.73 0.95
Native college 23.62 5.70 26.22 6.26 28.43 6.62
Native college, high math high social 16.01 3.73 17.65 4.34 18.57 4.52
Native college, high math, low social 1.39 0.49 1.35 0.48 1.44 0.47
Native college, low math, low social 3.32 0.83 3.96 0.91 4.51 1.02
Native college, low math, low social 2.89 1.02 3.26 0.96 3.91 1.10
Native non-college 70.33 8.86 65.01 10.23 59.04 11.01
Native non-college, high math high social 19.28 2.02 18.20 2.21 15.98 2.57
Native non-college, high math, low social 8.32 1.28 6.93 1.30 5.82 1.15
Native non-college, low math, low social 6.05 1.09 6.54 1.43 7.22 1.66
Native non-college, low math, low social 36.68 6.26 33.34 6.86 30.02 6.91

N = 219 for each period. Panel A reports the summary statistics for the main task intensity variables. Panel B reports the
employment share of different workers.

Table A2
OLS Estimates of effect of foreign STEM workers on college native task intensities.

Dependent variable: change in
native college task intensity

Social
(1)

Math
(2)

Routine
(3)

Service
(4)

Foreign STEM flows 0.613∗∗∗

(0.181)
0.526∗∗∗

(0.189)
−0.261∗

(0.157)
0.194∗

(0.110)
R2 0.391 0.299 0.325 0.270

N = 438 (219 × 2). All regressions include period and state fixed effects as well as the full vector of labor market
controls: predicted native college labor flows, predicted non-college immigrant flows, and Bartik college employ-
ment and wage growth controls. Standard errors in parentheses are clustered at the MSA level. Statistical signifi-
cance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table A3
TSLS estimates of effect of high-skilled math-intensive immigrants on college native task intensities.

Dependent variable: change in
native college task intensity

Preferred
specification
(1)

Column 1, use
state-year fixed effects
(2)

Column 1, use
MSA fixed effects
(3)

Column 1, drop
top immig. cities
(4)

Column 1, drop
zero immig. cities
(5)

Social 1.205∗∗∗

(0.311)
1.028∗∗∗

(0.295)
1.723∗∗∗

(0.503)
1.815∗∗∗

(0.501)
1.207∗∗∗

(0.322)
Math 0.469

(0.331)
0.585
(0.370)

0.732
(0.734)

0.732
(0.668)

0.329
(0.347)

R2 0.396 0.499 0.587 0.359 0.451
F-statistic 22.852 26.837 5.989 22.107 20.452

N = 438 (219 × 2), except for column 4 (N = 426) and column 5 (N = 398). Except for columns 2 and 3, all regressions include period and state fixed
effects; column 2 uses state-by-year fixed effects; column 3 uses period and city fixed effects. All regressions include the full vector of labor market controls:
predicted native college labor flows, predicted non-college immigrant flows, and Bartik college employment and wage growth controls. Standard errors in
parentheses are clustered at the MSA level. Statistical significance is denoted ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Appendix B. Relationship to prior work

This section checks the sensitivity of the preferred task intensity estimates from the main article to using the empirical approach in Peri et al.
(2015). For this empirical analysis, I replicate the task-based analysis using the dataset, empirical strategy, and the O∗NET definitions of STEM
occupations (top 4 and top 8 percentiles in STEM intensity) in Peri et al. (2015).32 There are some key differences between the studies. First, the

32 The dataset can be found on Giovanni Peri’s website: http://giovanniperi.ucdavis.edu/data-for-stem-workers-h-1b-visas-and-productivity-in-us-cities.html.
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definitions of STEM occupations are slightly different because they use the distribution of occupations in 2010. Second, their regressor of interest is
the per-worker change in the number of total foreign-born STEM workers, which includes foreign non-college workers. Third, they predict foreign
STEM flows by interacting the 1980 cross-city distribution of foreign STEM workers with the aggregate growth in H-1B visas by nationality groups.
This approach attempts to isolate the changes in the supply of foreign STEM workers using the changes in the H-1B visa cap between 1999 and
2004.33 Fourth, they divide the 2000–2010 decade into two five-year intervals (e.g., 2000–2005, 2005–2010) to take advantage of the variation
resulting from the changes in H-1B visa policy.

Table B1 presents the results using their approach. Column 1 reports the preferred estimates from the main article (column 1 of Table 2). Columns
2 and 3 report the estimates using the baseline specification in Peri et al. (2015) for 4% and 8% O∗NET definitions. The baseline specification includes
period fixed effects, city fixed effects, and Bartik college employment and wage growth variables. Columns 4 and 5 additionally include imputed
native college flows. Columns 6 and 7 re-estimate the specifications in columns 2 and 3, respectively, and additionally include predicted low-skilled
immigrant flows. Finally, columns 8 and 9 re-estimate the models in columns 4 and 5, respectively, using state fixed effects.

Table B1
TSLS estimates of effect of H-1B-driven foreign STEM on college native task intensities.

Dependent variable:
change in native college
task intensity

Main
estimates
(1)

O∗NET 4%,
use MSA
fixed effects
(2)

O∗NET 8%,
use MSA
fixed effects
(3)

Column 2,
incl. pred. HS
native flows
(4)

Column 3,
incl. pred. HS
native flows
(5)

Column 2,
incl. pred. LS
foreign flows
(6)

Column 3,
incl. pred. LS
foreign flows
(7)

Column 4,
use state
fixed effects
(8)

Column 5,
use state
fixed effects
(9)

Social 0.771∗∗

(0.316)
0.649∗

(0.357)
0.619∗∗∗

(0.224)
0.757∗

(0.442)
0.731∗∗∗

(0.275)
0.444
(0.384)

0.478∗

(0.256)
0.673∗

(0.348)
0.563∗∗

(0.261)
Math 0.379

(0.253)
0.677∗

(0.410)
0.541∗

(0.299)
0.350
(0.565)

0.335
(0.385)

0.552
(0.453)

0.457
(0.342)

0.527
(0.361)

0.452
(0.292)

R2 0.389 0.191 0.196 0.188 0.192 0.198 0.202 0.129 0.136
F-statistic 11.985 7.360 8.824 4.120 7.053 6.458 7.192 8.557 10.348

N = 657 (219 × 3), except for column 1 (N = 438). All regressions include period fixed effects and Bartik college employment and wage growth controls. Columns 2 to 7 use
city fixed effects, while columns 8 and 9 use state fixed effects. Columns 4, 5, 8, and 9 include predicted native college labor flows. Columns 6 and 7 include predicted foreign
non-college labor flows.

For the most part, the estimates are very similar across the different specifications. The baseline estimates indicate that increases in foreign STEM
workers increase the social intensity of native college employment, with the estimates ranging between 0.62 and 0.65 percentage points. There is
also suggestive evidence of increases in college natives’ math intensity in the baseline specifications (about 0.54–0.68 percentage points). However,
this result is not robust to controlling for imputed native college labor flows (columns 4 and 5). The large decrease in magnitudes suggests that
some of the positive association is attributable to the rise in the overall human capital stock in STEM-intensive cities. The inclusion of predicted
flows of foreign non-college workers decreases the magnitude and the precision of the estimates (columns 6 and 7). One potential explanation for
the loss in the precision of the estimates is the inclusion of foreign non-college STEM workers in the regressor of interest. Despite the decrease in
the magnitudes, I cannot reject that the estimates are statistically different from the estimates in columns 2 and 3. The final two columns show
that, conditional on controlling for imputed native college labor flows and Bartik controls, using state fixed effects and city fixed effects generate
comparable estimates. This finding alleviates some of the concern over the use of state fixed effects in the main article.

Appendix C. Definition of variables

C.1. O∗NET task measures

I follow Deming (2017) in using four main composite tasks (math, social, routine, service) to measure the task content of occupations. I also use
his definition of auxiliary task measures. The definition of STEM intensity follows Peri et al. (2015). The composite task measures, defined below,
and their individual task components are taken from the 1998 Occupational Information Network (O∗NET).

• Social: This composite measure averages (1) social perceptiveness (“being aware of others’ reactions and understanding why they react the way
they do”); (2) coordination (“adjusting actions in relation to others’ actions); (3) persuasion (“persuading others to approach things differently”);
(4) negotiation (“bringing others together and trying to reconcile differences”).

• Math: This composite measure averages (1) mathematical reasoning (“ability to understand and organize a problem and then to select math-
ematical method or formula to solve the problem”); (2) mathematical knowledge (“knowledge of numbers, their operations, and interrelation-
ships including arithmetic, algebra, geometry, calculus, statistics, and their applications”); (3) mathematical skills (“using mathematics to solve
problems”).

• Routine: This composite measure averages (1) the degree of automation; (2) the importance of repeating the same tasks (“how important is
repeating the same physical activities (e.g., key entry) or mental activities (e.g., checking entries in a ledger) over and over, without stopping,
to performing this job?”).

• Service: This composite measure averages (1) assisting and caring for others (“defined as providing assistance or personal care to others”); (2)
service orientation (“actively looking for ways to help people”).

• STEM: This composite measure averages (1) mathematical skills (“using mathematics to solve problems”); (2) scientific skills (“using scientific
methods to solve problems”); (3) use of technology design (“generating or adapting equipment and technology to serve user needs”); (4)
programming skills (“writing computer programs for various purposes”).

33 The cap was set initially at 65,000 H-1B visas annually. The annual cap rose to 115,000 between 1999 and 2000 and then to 195,000 between 2001 and 2003.
In 2004, the cap fell back to 65,000 but included an additional 20,000 visas for advanced degree holders.
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• Reasoning: This composite measure averages (1) written comprehension (“the ability to read and understand information and ideas presented
in writing”); (2) deductive reasoning (“the ability to apply general rules to specific problems to come up with logical answers”); (3) inductive
reasoning (“the ability to combine separate pieces of information, or specific answers to problems, to form general rules or conclusions”).

• Number facility: This individual task variable quantifies “the ability to add, subtract, multiply, or divide quickly and correctly.”
• Information use: This composite measure averages (1) getting information needed to do the job (“observing, receiving, and otherwise obtaining

information from all relevant sources”); (2) monitor processes, material, surroundings (“monitoring and reviewing information from materials,
events, or the environment, often to detect problems or to find out when things are finished”); (3) processing information (“compiling, coding,
categorizing, calculating, tabulating, auditing, verifying, or processing information or data”); (4) evaluating information against standards
(“evaluating information against a set of standards and verifying that it is correct”).

• Require social interaction: This individual task variable answers “How much does this job require the worker to be in contact (face-to-face, by
telephone, or otherwise) with others in order to perform it?”

• Coordinate: This composite measure averages (1) coordinating work and activities of others (“defined as coordinating members of a work
group to accomplish tasks”); (2) developing and building teams (“encouraging and building mutual trust, respect, and cooperation among team
members”).

• Interact: This composite measure averages (1) interpreting the meaning of information to others (“defined as translating or explaining what
information means and how it can be understood or used to support responses or feedback to others”); (2) communicating with other work-
ers (“providing information to supervisors, fellow workers, and subordinates”); (3) communicating with persons outside the organization
(“representing the organization to customers, the public, government, and other external sources”); (4) establishing and maintaining rela-
tionships (“developing constructive and cooperative working relationships with others”).

Let tmk be the k-th (rescaled) individual component of a composite task measure Tm.34 For example, math intensity is composed of three
individual components: mathematical reasoning, mathematical knowledge, and mathematical skills. Thus,

Tm =
∑
k∈K

tmk
nk

, (C.1)

where nk denotes the number of individual components. I again rescale Tm to be between zero and one.
Next, I map these rescaled task measures from the 1998 O∗NET codes to 1990 Census Occupation Classification codes using a crosswalk provided

by O∗NET. Once matched, I aggregate the O∗NET task measures to the harmonized occupation codes using a crosswalk provided by Deming (2017).
To create task percentiles for each occupation, I match the composite task measures to all employed workers aged 21–64 in 1990 using the
harmonized occupation codes. To calculate the percentile rank of the tasks, I first aggregate the task measures to the occupation level, weighted
by workers’ labor supply weights. Next, I create labor supply-weighted percentile ranks for the task measures of interest. That is, an occupation
with a math intensity in the top 10 percentile (e.g., the 90th percentile) indicates that the math intensity is at least as high as the math content of
90 percent of all occupations in 1990. Therefore, a one unit increase in a particular task intensity has the interpretation of a one percentage point
increase in that task intensity relative to the 1990 level.

Table C1
STEM occupation titles.

Occupation Titles

Aerospace engineers Industrial engineers
Agricultural and food scientists Machinists
Atmospheric and space scientists Marine engineers and naval architects
Biological scientists Mechanical engineers
Chemical engineers Medical scientists
Chemists Metallurgical and materials engineers
Civil engineers Operations and systems researchers and analysts
Computer programmers Optometrists
Computer systems analysts/computer scientists Petroleum, mining, and geological engineers
Dentists Pharmacists
Drafters Physical scientists, n.e.c.
Economists, market and survey researchers Physicists and astronomists
Electrical engineers Programmers of numerically controlled machine tools
Engineering and science technicians Sales engineers
Engineers and other professionals, n.e.c. Speech therapists
Geologists Surveryors, cartographers, mapping scientists and technicians

C.2. Imputation of labor flows and Bartik controls

The imputation of foreign non-college workers is similar to the imputation foreign STEM workers. More precisely, the imputed flow of foreign
non-college workers in city c in state s at time t is ΔÎmmNon−college

cst =
(

F̂Non−college
cst − F̂Non−college

cst−1

)
∕LTotal

cst−1,
where

F̂Non−college
cst =

∑
i∈I

FNon−college
ics1980

(
FNon−college

i−cst

FNon−college
i1980

)
, (C.2)

34 Recall, task components are rescaled to have values between zero and one.
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and i is a nationality group, and −c denotes the removal of MSA’s own-state contribution to the national supply of foreign non-college workers. The
imputation of native college workers is

N̂College
cst =

∑
d∈D

NCollege
dcs1980

(
NCollege

d−cst

NCollege
d1980

)
, (C.3)

where d is the number of years in college, that is, D ≡ {4years,5+years}. Thus, the predicted native college flows is ΔN̂atCollege
cst =(

N̂College
cst − N̂College

cst−1

)
∕LTotal

cst−1.
Finally, I construct Bartik employment and wage growth variables separately for college and non-college workers by interacting the 1980 local

industrial structure with the changes in national industry employment and wages. Specifically, I define a city’s induced labor demand or wage shock
for a particular skill group: for each z ∈ {Emp,Wage} and e ∈ {College,Non−college},

Bartikz,e
cst =

∑
j∈J

𝜔jcs1980

(
Δze

j−cst

ze
j−cst

)
, (C.4)

where 𝜔jcs1980 is the employment share of industry j ∈ J (a balanced panel of 208 industries) in city c in state s in 1980. The term in parentheses
is the net growth in industry employment or wages for college or non-college workers, after removing MSA’s own-state contribution.

Appendix D. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.regsciurbeco.2019.06.004.
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