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Abstract
We investigate how increased trade with China impacted immigrant and native-born workers 
in the US. Our analysis covers both STEM and non-STEM occupations across manufacturing 
and nonmanufacturing industries. We examine responses among both immigrant and US-born 
workers to import penetration at the local labor market level. We uncover the trade-induced 
gains and losses for US-born STEM workers resulting from changes in the movement of STEM 
immigrant workers across sectors and regions impacted by imports from China. Furthermore, the 
shift of non-STEM native-born workers from manufacturing to nonmanufacturing industries 
could potentially boost the wages of foreign-born workers. Understanding these dynamics has 
implications for how to shape immigration policy in response to trade agreements and broader 
sectoral shifts in labor markets.

Keywords: Import penetration, Immigrant workers, STEM occupations.

JEL Codes: F14, F16, J21, J24, J61.



1 Introduction

The composition of the US workforce between manufacturing and non-manufacturing industries has
changed over the past few decades. Manufacturing employment decreased by more than 20% between
2000 and 2010 while showing small improvements in the post-2010 period (Figure 1a). Much of this
slowing down of manufacturing job loss post-2010 can be attributed to the decline in Chinese import
penetration which coincides with the period of slowdown in Chinese manufacturing productivity growth
which started in 2008 (Brandt et al., 2020). Furthermore, Autor et al. (2021) identifies three phases of
Chinese import penetration where the penetration increased dramatically post-2001 and plateaued in 2010.
During the same period, non-manufacturing employment increased modestly despite a natural economic
order of workers switching sectors due to negative labor demand shocks to a particular sector. There are
two opposing effects that lead to a modest increase. First, Bloom et al. (2019) finds, in industries most
affected by Chinese import penetration firms increased employment in non-manufacturing which provides
evidence of organizational restructuring, and switching from manufacturing affiliation to non-manufacturing
affiliation thus increasing overall employment in non-manufacturing. However, Acemoglu et al. (2016)
finds the production linkages between manufacturing and non-manufacturing industries negatively impacted
non-manufacturing industries that rely heavily on manufacturing input demand thus reducing employment
in non-manufacturing industries as well.

Interestingly, Figure 1b shows that despite the decline in manufacturing employment between 2000 and
2010, the share of immigrants in total manufacturing employment increased by around 14%, and then
remained fairly constant between 2010 and 2014. Outside of manufacturing, the share increased by 30%
between 2000 and 2014.The increase in immigrant share in both manufacturing and non-manufacturing is

Figure 1: Immigrant take-up of manufacturing and non-manufacturing jobs between 2000 and 2014.
Employment and shares are normalized to unity in 2000.

(a) Employment levels (b) Immigrant share
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suggestive of the evidence that import penetration affected natives and immigrants differently. Over the
period, job losses for native workers in manufacturing were higher compared to immigrants, while job gains
for native workers in non-manufacturing were lower compared to immigrants.1 In this paper,we analyze these
differences in employment trends for natives and immigrants across manufacturing and non-manufacturing
industries. Formally, we analyze, if the labor market impacts of import penetration from China was different
between natives and immigrants.

China joined the WTO in 2001; following this, trade between the US and China increased.The trade increase
was mostly in manufacturing goods. Autor et al. (2013) were the first to show the negative impact that trade
had on US workers. Using a measure of import exposure they show that manufacturing employment fell
across the country. But focusing on the losses due to trade is only part of the story. (Clina forthcoming)
shows that STEM (Science, Technology, Engineering, and Mathematics) occupations are better off due to
this trade and more so in the non-manufacturing sector.Those in STEM occupations receive an increase in
wages due to the increased import exposure. However, there is no change in the job growth for STEM jobs.
This could be due to the high cost of switching between a non-STEM and a STEM occupation. There is
also a time lag in the labor supply to adjust to the demand of firms. In this paper, we argue that immigrants
can play a key role for firms as a way to import STEM workers.This would provide a way to quickly increase
the STEM labor supply while domestic labor catches up and helps mitigate the adverse effect of the shock.

Using an empirical strategy similar to Autor et al. (2013), we identify the labor market adjustments for
immigrants and natives in STEM and non-STEM occupations across sectors in response to the China
trade shock. We use employment growth and wage growth as measures of labor market outcome, and
we estimate the causal effect of imports from China on the employment and wage growth of natives
and immigrants separately across occupation classifications, and sectors. We draw our results from a
comparison of the employment effects between natives and immigrants. We identify both losses and
gains for immigrant workers resulting from import penetration from China during the 2000-2007 period.
STEM immigrants have encountered reduced employment in manufacturing but increased employment in
non-manufacturing industries.This shift in immigrant employment has led to higher wages for native STEM
workers in manufacturing but lower wages in non-manufacturing fields. Non-STEM immigrants, on the
other hand, experienced no change in employment but did observe higher wages in the non-manufacturing
sector. This wage hike could potentially be attributed to the surge in native workers’ employment in
the non-manufacturing sector. This, in turn, suggests a complementary relationship between native and
immigrant workers within non-STEM occupations. In fact, from further analysis, we find that the wage
growth for non-STEM immigrants can be attributed to the low-skilled immigrant workers when high-skilled
natives in similar occupations had positive employment growth. Overall, the results provide suggestive
evidence of the differences in the employment effects of import penetration on natives and immigrants,
through the channels of adjustment across industries and occupations.

A paper that closely relates to ours is Autor et al. (2023),where they consider the differences between natives
and immigrants in their migratory response to import penetration from China. Consistent with Cadena and
Kovak (2016), they find the out-migration response of natives to be weaker than immigrants. Additionally,

1 Using data from the 2000 Census and American Community Survey for 2014, immigrant employment in manufacturing decreased
by 8% while native employment in manufacturing decreased by 22%. In non-manufacturing, immigrant and native employment
increased by 52% and 12% respectively.
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they document precise out-migration estimates for high-skilled immigrants but imprecise out-migration
estimates for high-skilled natives, with the impact being largest during 2000-2007. Our finding, positive
wage growth of high-skilled STEM natives in manufacturing during 2000-2007, can be attributed to this,
since with the outflow of high-skilled immigrants, the relative demand for natives with the same skill is likely
to increase. Similarly, Yu (2023) studies the immigrant worker’s role in mitigating the adverse labor market
shock from imports from China. She finds that labor markets with a larger immigrant share had smaller
negative employment effects on natives compared to labor markets with no immigrants, given both labor
markets had the same average import penetration between 1990 and 2007. However, these papers do not
consider the adjustments between manufacturing and non-manufacturing industries.

Our study diverges by analyzing labor market responses through the differential adjustments in
manufacturing and non-manufacturing industries for native and immigrant employment. Ebenstein et al.
(2014) and Bloom et al. (2019) find that Chinese import penetration leads to higher wages and skilled
workers switching to non-manufacturing employment.Batistich (2019) and Autor et al. (2015) find evidence
of a shift towards higher-skilled tasks, such as an increase in computerization, both in manufacturing and
non-manufacturing industries. In terms of immigration response to this technological change, Basso et al.
(2020) finds that low-skilled immigrants tend to specialize in non-computerized jobs over time, allowing the
skill-upgrading for natives and subsequent specialization in analytical computerized jobs by natives. In our
analysis, we consider this adjustment by immigrants in the labor market, but in response to the trade shock
in manufacturing which coincides with the period of the rapid increase in automation in manufacturing in
the US economy (Acemoglu and Restrepo, 2020).

Our approach also differs from existing studies by examining labor market adjustments for immigrants across
occupations by focusing on STEM and non-STEM occupations across sectors in response to trade shocks.
We base our choice of these occupation categories on the post-2000 immigration patterns in the US.Notably,
in the 2000 Census, nearly a quarter of STEM workers holding a college degree or higher were immigrants,
a number that has since increased. Several empirical studies have analyzed the effect of immigration on labor
market outcomes for native STEM and non-STEM workers. Kerr and Kerr (2013) finds natives in STEM
occupations switch firms in response to immigration, while Kerr et al. (2015) provides further evidence that
older native STEM workers are more likely to switch firms compared to younger native STEM workers.
Non-STEM native workers exhibit a similar pattern. In terms of gains, STEM immigration is associated
with increased wages for both high-skilled and low-skilled natives (Peri et al., 2015), and also for native
STEM workers in particular by around 5% between 2000 and 2015 (Gunadi, 2019).2

Even though literature documents the general impact of immigration on STEM and non-STEM
occupations for natives, little is known about its’ interplay with the native employment effects of Chinese
import penetration. Despite job losses in manufacturing due to import penetration (Autor et al., 2013,
Autor et al., 2014, Pierce and Schott, 2016, Charles et al., 2019), there is evidence of employment gains
in manufacturing industries that benefited from higher exports over the same period (Bloom et al., 2016,
Feenstra et al., 2019). In this paper, we ask if immigrants (both STEM and non-STEM) during the period
of import penetration attenuated the negative employment effect by allowing the industries to adjust their
labor demands between natives and immigrants in both manufacturing and non-manufacturing sector. We

2 In general, STEM jobs create positive externalities in the economy through productivity growth. See Stewart et al. (2020) and
Winters (2014) for an explanation of how certain STEM jobs benefit other STEM and non-STEM jobs in the local economy.
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try to identify if import penetration impacted natives and immigrants differently, under the presumption
natives and immigrants with similar education and skills are to some extent substitutes for each other.

Our study contributes to the literature in various ways. We are among the first to measure the impact of
imports from China on immigrant workers’ employment outcomes in comparison to native workers. We
extend our understanding of the effects of trade with China on workers of different skill levels, focusing on the
occupational level impact of import penetration, specifically on STEM vs.non-STEM workers.Additionally,
we draw inferences about employment outcomes across manufacturing and non-manufacturing industries
and how the impacts of trade on either immigrant or native workers can influence the other group. Finally,
we highlight the benefits that trade with China has brought to workers.

The rest of the paper is organized as follows: section 2 provides a summary of how STEM and non-STEM
jobs evolved over the years, and its’ link to import penetration from China, section 3 describes the empirical
methodology implemented in this paper, section 4 explains the aggregate results, section 5 breaks down the
aggregate results by skill, and section 6 concludes.

2 STEM and non-STEM jobs in the US

We begin our analysis by drawing some perspective on the growth of STEM and non-STEM occupations
in the US for both natives and immigrants. Data on occupation and nativity comes from the 5% samples
of the 1990 and 2000 Census, and 1% samples of the American Community Survey for the years 2007 and
2014 from IPUMS USA (Ruggles et al., 2022). We classify STEM occupations based on the US Census
Bureau’s occupation classification for 2010 occupation codes.3 Both STEM and STEM-related occupations
are clubbed to define STEM occupations.We define an immigrant as any individual who is born outside the
US.

Our primary focus is on the period of heightened import penetration which coincides with the period after
China’s accession to the World Trade Organization in 2001. Figure 2 provides some descriptive evidence of
how immigrant and native employment trends varied across manufacturing and non-manufacturing during
the period of heightened import penetration. It shows the share of workers in total employment by nativity
in the US and is computed as,

empkms∑
ms empk

where, k is nativity, m is sector, and s is occupation. This share shows the within-group variation
between natives and immigrants in their employment patterns during the period of import penetration.
By construction, the shares in all the sub-graphs add up to 1 for natives and immigrants respectively. From
figures 2a and 2b, the share of both native and immigrant workers in STEM and non-STEM occupations

3 The occupation classification list is obtained from https://www.census.gov/topics/employment/industry-occupation/guidance/
code-lists.html. We use the “STEM, STEM-related, and Non-STEM Occupation Code List 2010” file to classify occupations.

5

https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.html
https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.html


in the manufacturing sector declined throughout the years. The average downward trend in manufacturing
employment share for both natives and immigrants confirms the negative employment effects of import
penetration in manufacturing as documented in the literature. However, the decline in STEM share was less

Figure 2: Trends in employment shares for STEM & Non-STEM jobs between manufacturing and
non-manufacturing industries between 2000 and 2014
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pronounced compared to the decline in non-STEM share.The share of low-skilled workers in non-STEM
occupations in 2000 was around 97% where low-skilled workers are defined as workers with a high-school
degree or less. Since the import penetration impacted low-skilled workers the most, a decline in non-STEM
occupations is expected. Now, looking at the magnitude of the decline, the share of immigrants employed
in non-STEM manufacturing declined by around 33% while for natives, the share declined by around 36%.
When looking at the share for STEM, immigrants declined by 20% and natives declined by 25%. These
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numbers provide descriptive evidence that manufacturing employment decline was different across natives
and immigrants, and natives had a larger decline than immigrants.

A decline in employment share in manufacturing would imply an increase in non-manufacturing share.
Figures 2c and 2d show this increasing non-manufacturing share of native and immigrant STEM
and non-STEM workers. A sharp increase in STEM employment shares compared to non-STEM
employment highlights the importance of the growth of STEM jobs during the period and more so in
the non-manufacturing sector. From the trends, immigrants had around 15% increase in the STEM share
while natives had around 22%. For non-STEM employment shares, native employment increased by around
3% while immigrants had an increase in employment shares amounting to around 7%.Overall, these patterns
suggest that natives and immigrants had different employment trends during the period of Chinese import
penetration. The growth of non-manufacturing industries during this period led to significant increases in
employment,but there is substantial heterogeneity in employment gains across nativity as well as occupations.
Even though employment gains are positive in non-manufacturing and negative in manufacturing in
aggregate, the differences in the magnitudes warrant a more detailed understanding of the heterogeneity.This
is primarily because import penetration from China was not identical across the US labor market. Eriksson
et al. (2021) finds that during the early years of import penetration between 1990 and 2000, regions that were
most exposed to import penetration were the ones in which the manufacturing industries were in a matured
stage with a large pool of less-educated workers. Hence, we further look at the distribution of the changes in
STEM and non-STEM workers across US regions between 2000 and 2014, and how it coincides with the
geography of change in import penetration during the same period.

2.1 Linking occupations to trade exposure

We obtain trade data at the industry level from Autor et al. (2019).They provide data on imports from China
into the US at the industry level for the years 1991 through 2014.4 Chinese imports into the US economy
started to increase in the early 1990s, but it intensified since China joined the World Trade Organization in
2001. In 1991, the nominal value of imports from China into the US was around $20 million,which increased
to $100 million over the next decade, and has increased since then following China’s accession to WTO. At
the end of our sample in 2014, that number had increased to almost $500 million. In terms of the share of
Chinese imports in all US manufacturing imports, in 1991, China accounted for 5% of total imports by US
manufacturing which doubled to 10% in 2001 and more than doubled in the next years to reach 24% of all
imports in 2014 (see figures A1 and A2 in the Appendix). The acceleration in imports post-2001 has been
attributed to the changes in trade regulations between the US and China post-WTO accession (Pierce and
Schott, 2016). Hence, we primarily focus on this period to draw the relation between the occupational labor
market geography and the geography of import exposure.

We use commuting zones (henceforth CZ) as the concept of the local labor market (Tolbert and Sizer, 1996;
Autor et al., 2013). CZs are clusters of counties that most people within one both live in and work in. One
issue in measuring the impact of imports on a given CZ is that we do not have imports by the labor market.
Instead, we use a proxy to get at the estimated impact imports would have on a given worker in a CZ. We
follow Autor et al. (2013) in measuring import penetration at the CZ level. The measure is constructed by

4 The data can be accessed through David Dorn’s website at https://www.ddorn.net/data.htm
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summing the changes in imports from China at the industry level between years t and t+n and weighted by
the CZ share in the national industry employment.This measurement quantifies how much a CZ would be
impacted by increased import competition from China and is defined as,

∆IPWuit =
∑
j

Lijt

Lujt

∆Mucjt

Lit
(1)

∆Mucjt is the change in imports from China into the US in industry j between the start of the period (year
t) and the end of the period (year t+n). Lit is the total employment in CZ i at the start of the period. Lijt

Lujt

is the ratio of workers in CZ i in industry j relative to national employment in industry j at the start of the
period. The measure of import exposure ∆IPWuit varies across CZs and time. This variation stems from
the differences in both the amount of manufacturing labor across CZ and the distribution of manufacturing
employment across various sectors within those regions. In addition, using different time periods we are also
able to see the variation over time for CZ.

To gain a better understanding of the measure in question, it is important to consider the factors that
determine the level of exposure of a given CZ to Chinese imports.One key factor is the extent of employment
in a sector that directly competes with Chinese imports. If employment in such a sector increases, or if there
is a rise in the volume of imports, it would result in a higher level of exposure for that CZ. Conversely, if the
total labor force in the CZ expands and becomes more diversified across different industries, it would lower
the exposure to Chinese imports. In other words, when employment is spread out across a wider range of
industries, the CZ becomes less dependent on any one particular sector that is susceptible to competition
from Chinese imports. Furthermore, the ratio of CZ workers in a specific industry relative to the national
employment in the same industry also influences the level of exposure. If the ratio of CZ workers in a
particular industry falls compared to the national employment in that industry, it leads to a decrease in import
exposure for the CZ.

Using this measure, we construct the Chinese import penetration across US CZs between 2000 and 2014.
Figure 3 shows the geographic distribution of import penetration across CZs.The CZs with the most impact
of import exposure are in darker shades and correspond to the 90th and 95th percentile of import penetration
during the period. As can be observed, the highest exposure was in the eastern half of the US outside of the
major metropolitan hubs, and some parts of the far-west.As explained by Autor et al. (2023), the geographic
concentration outside of major metropolitan hubs can be attributed to the finding by Eriksson et al. (2021)
that US manufacturing relocated to these regions as they matured in their life-cycle and shifted from product
innovation to standardized production during the middle of the 20th century.
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Figure 3: ∆ in import penetration from China across commuting zones between 2000 and 2014

We then try to analyze if there is a geographic relation between the import penetration and the changes
in STEM and non-STEM employment in the US. We compare the CZ employment in 2000 with the
CZ employment in 2014, to identify the difference between pre-WTO accession and post-WTO accession
of China. Figures 4a and 4b display the share of STEM workers in total manufacturing employment in a
CZ for the years 2000 and 2014 respectively. From figure 4a, the CZs with the highest shares of STEM
workers in manufacturing were concentrated in some regions in the far west and some regions in the east,
mostly in metropolitan hubs. In terms of the regions that saw increased exposure post-2001, STEM workers
were less than 10% of manufacturing employment in most of those regions before the increased exposure.
Comparing with figure 4b, we observe changes in CZ employment structure after the period of heightened
import exposure, and more importantly for the CZs with the highest exposure between 2000 and 2014. In
most of the CZs in the Midwest region which were most exposed to import penetration between 2000 and
2014, the STEM share in manufacturing employment increased to more than 10% in 2014.

This pattern in changes in STEM employment over our sample period provides insights into why it is
important to look at the differential effect between immigrants and natives. Based on aggregate trends in
STEM manufacturing employment share of total employment by nativity (see figure 2a),we have observed a
declining trend for both natives and immigrants, albeit a lower decline for immigrants compared to natives.
We have seen a similar trend for non-STEM employment among natives and immigrants in manufacturing
with the decline again stronger for natives than immigrants (see figure 2b).Connecting this to the geography
of STEM share in total manufacturing employment, it is evident a higher share in 2014 for some CZs is
driven by the fact that non-STEM employment declined faster than STEM employment.

However, since natives had a larger decline in both STEM and non-STEM employment, the question
arises as to how this difference in employment trends is distributed across the CZs by their level of import
penetration. More importantly, we are after the idea that some CZs had a pronounced difference in their
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Figure 4: Share of STEM workers in manufacturing employment

(a) 2000

(b) 2014
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employment decline between natives and immigrants compared to others. We analyze this by looking at the
immigrant share in STEM manufacturing employment across the CZs computed as the number of STEM
immigrants employed in the manufacturing sector as a share of total STEM manufacturing employment.
We again compare this share in the pre-exposure year 2000 with the post-exposure year 2014. Additionally,
we consider how immigrants in non-STEM occupations were impacted compared to the natives in the
same occupation group in manufacturing using the same share calculations. Figure 5 shows the geographic
distribution of immigrant share in STEM and non-STEM manufacturing employment in 2000 and 2014.

Figure 5: Immigrant share in STEM and non-STEM manufacturing employment

(a1) 2000

(a2) 2014

(a) STEM

(b1) 2000

(b2) 2014

(b) Non-STEM

First, from figures 5a1 and 5a2, it is apparent that immigrant share in STEM manufacturing employment
was higher in 2014 than in 2000 in most of the CZs. Before 2001, immigrants in STEM manufacturing
were mostly concentrated in the metro regions of California, New York, Texas, and Florida. This could be
attributed to the IT boom in the 1990s which increased the inflow of immigrants into science and engineering
occupations (Bound et al., 2015) which were concentrated in the large metro regions. If we compare 2000
with 2014, immigrant shares in STEM manufacturing employment increased in most of the hardest-hit CZs
in terms of import penetration. In the Midwest belt, most of the CZs with an immigrant share of between
8% and 14% in 2000 had an immigrant share of more than 20% in 2014.This general increase in immigrant
share is also observable along the CZs on the east coast which had relatively smaller shares in 2000.
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Second, comparing figure 5b1 with figure 5b2, the immigrant share in non-STEM jobs also increased
between 2000 and 2014 across the CZs which were most impacted by import penetration during that
period. These patterns in increased immigrant share could be due to the general rise in immigration in
the US post-2000. However, immigrants tend to settle in enclaves comprised of their origin country
people (Abramitzky and Boustan, 2017), and the Latin American immigration surge since the 1970s has
mostly settled the immigrants around the southern borders of the country (Hanson et al., 2023). A similar
pattern could be observed in the geographic distribution of STEM and non-STEM employment outside
manufacturing across CZs. Even though STEM share outside manufacturing increased all throughout
the country between 2000 and 2014, the immigrant share in STEM employment outside manufacturing
increased in the CZs which had higher levels of import penetration between 2000 and 2014.5 Comparing
this with the aggregate trend in STEM non-manufacturing employment in figure 2c, immigrant STEM
workers seem to benefit more than native STEM workers from import penetration. Part of this could be
attributed to the rise in demand for STEM jobs post the dot-com boom in early 2000. At the same time,
there is evidence of an increase in computerized jobs outside manufacturing post-2000 (Autor et al., 2015).
Overall the data provide suggestive evidence of an increase in STEM share in both manufacturing and
non-manufacturing sectors as well as an increase in immigrant share within the occupations in each sector
when we consider differences across CZs. Given that the observed increase is concentrated among the CZs
with the highest import penetration during the same period, the question arises if import penetration from
China played a role in this. In the next section, we detail our strategy to identify the answer to the question.

3 Empirical approach

Our estimation strategy builds on Autor et al. (2013). We use a similar specification to identify the causal
impact of import penetration from China on the differential labor market outcomes between natives and
immigrants across US commuting zones. We estimate a first difference model and our regression equation
takes the following form,

∆Lmks
it = β1∆IPWuit +X ′

itβ2 + εit (2)

∆Lmks
it is the change in labor market outcome in CZ i for sector m (manufacturing/non-manufacturing),

nativity k (native/immigrant), and occupation s (STEM/non-STEM) between year t and year t+n. We
consider two types of labor market outcomes, logged employment growth and logged wage growth for each
group.We estimate separate regressions for each group.For example, in one of the specifications, the left-hand
side of eq.(2) is the employment growth of STEM immigrants in the manufacturing sector between year t
and year t+n.This is compared to another specification with the employment growth of natives in the same

5 Figures A3a and A3b in the Appendix provide a visual comparison of the share of STEM workers outside manufacturing between
2000 and 2014. Figure A4 shows how immigrant shares changed between 2000 and 2014 across STEM and non-STEM jobs in
non-manufacturing employment.
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category as the left-hand side of eq.(2).∆IPWuit is the change in import penetration at the CZ level between
years t and t+n. This variable summarizes the aggregate effect of import penetration on manufacturing and
non-manufacturing employment by occupations.We define the time intervals as 1991-2000, 2000-2007, and
2007-2014.6 We select these specific years for several reasons. Firstly, we match the analysis conducted in
Autor et al. (2013),which utilized the time periods 1991-2000 and 2000-2007 as their samples.By extending
their analysis to 2014, our intention is to assess any potential market shifts that may have occurred over the
long term. The choice of 2014 as the endpoint was twofold: to maintain a consistent time frame similar to
2000-2007, and also because it corresponds to a significant slowdown in the growth of Chinese imports.
We consider the pre-2001 period as the difference between 1990 and 2000.This difference is considered to
draw an inference on how China’s accession to WTO had a differential impact on the US labor market by
comparing the pre-accession period with the post-accession period.

Our primary coefficient of interest is β1 which corresponds to ∆IPWuit. This captures the causal effect
of import penetration in a CZ on the employment and wage trends for immigrants and natives across
occupations and sectors. Post estimation,we compare the coefficients between immigrants and natives across
STEM v/s non-STEM occupations in the manufacturing v/s non-manufacturing sector.The control variable
Xit includes a set of CZ level covariates for the start of the periods in each period in our estimation.It includes
the share of manufacturing employment in a CZ, the share of foreign-born in the population in a CZ, the
share of STEM employment in a CZ, and the share of high-skilled workers defined by college education in
the population in a CZ.7 The first covariate captures the across-CZ difference in trade exposure arising from
the initial composition of the manufacturing industry share,while the other covariates capture the across-CZ
difference in labor market composition at the start of the period which might drive subsequent changes over
the period. We further weight all regressions by the start of the period CZ population share in the national
population, and include Census division dummies, and cluster standard errors by state.

3.1 Instrument

An issue with the estimation of equation 2 using OLS is the endogeneity between trade and local
employment.This arises from the fact that imports from China into the US can be correlated with industry
import demand shocks. Consider a counterfactual fall in employment in an industry that leads to lower
output. The drop in output would need to be substituted and local consumers would supplement their
consumption by increasing their imports from China. Thus imports from China could increase because of
both shocks to domestic demand in the US as well as shocks to foreign supply from China. If import demand
increases from domestic demand shocks, we have the import penetration variable ∆IPWuit correlated with
the error term εit in equation 2, and OLS estimates would be biased. Our primary goal is to identify the
causality through the foreign supply channel of the increase in imports from China to the US.To account for
this,we use an instrumental variable strategy following Autor et al. (2013) and Acemoglu et al. (2016),where
we instrument the import penetration in the US using Chinese exports to eight other high-income countries

6 Since the time periods are not uniform, we make necessary adjustments to import penetration to make it comparable across the
time period following Autor et al. (2013). We multiply the trade growth for 1991-2000 by a factor of 10/9 and the trade growth
for 2000-2007 and 2007-2014 by a factor of 10/7.

7 Table A1 in the Appendix provides a summary statistic of the control variables at the start of each period; 1990, 2000, and 2007.
It also provides a summary of the import penetration from China into the US for the three periods, as well as the Chinese exports
to eight other high-income countries which we use as an instrumental variable and is discussed in detail in section 3.1.
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similar to the US.The instrumental variable considers Chinese import penetration into other countries and
takes the following form,

∆IPWoit =
∑
j

Lijt−1

Lujt−1

∆Mocjt

Lit−1
(3)

The main component is ∆Mocjt, which measures the change in the growth of Chinese exports to eight other
high-income countries.8 As China joined the WTO it did not only increase its trade with the US but all
WTO members as well. This captures the increase in exports from China to the rest of the world. Further,
we use lagged industry employment rather than the start of the period employment levels and shares. This
is primarily done to avoid simultaneity in CZ employment which might arise from anticipated changes
in import penetration. This IV measures the correlation of Chinese trade with the rest of the world with
trade with the US. This rise in trade from other factors such as joining the WTO, increases in comparative
advantage, and/or fall in trade costs.

4 Results

In this section, we present our results from the 2SLS estimation of equation (2) using the instrument
in equation (3). We present our results through a comparison between the manufacturing and
non-manufacturing sectors. We begin by focusing on the aggregate causal impact of import exposure on
labor market outcomes of immigrants and natives in STEM and non-STEM occupations using logged
employment growth and logged wage growth as measures. We then extend the analysis to identify the
heterogeneity of these impacts across different levels of educational attainment within the occupations.

4.1 STEM occupations

Figure 6 shows the 2SLS estimates of change in the employment of STEM occupations across manufacturing
and non-manufacturing industries at the CZ level, along with the 95% confidence intervals. The top panel
shows how employment changed in manufacturing industries, and the bottom panel shows how the same
changed in non-manufacturing industries. Within each panel, we compare the estimated effect across the
three time periods.

First, from figure 6a, the causal impact of import exposure on employment growth for natives in STEM
occupations is imprecisely estimated for all the time periods. Even though the estimates are positive during
the period of heightened import penetration from China, the estimates are almost close to zero.On the other
hand, for STEM immigrants, the estimated coefficients are negative and imprecisely estimated during the
post-2001 period native, but, positive and statistically significant during the pre-2001 period. The positive
coefficient during the 1991-2000 period can be attributed to the growth in the tech boom especially with the
Internet boom in the US around that time,which led to employment growth for immigrants in tech-intensive

8 The eight countries are Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain, and Switzerland.
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industries. Overall, we do not see significantly different estimates for STEM employment growth between
natives and immigrants if we consider the time period with the highest import penetration across CZs
(2000-2007).

Nest, we turn to the non-manufacturing sector in figure 6b. In the non-manufacturing sector, immigrant
employment growth in STEM occupations arising from import penetration from China is positive for
all three time periods. However, we get only marginally significant estimates for the 2000-2007 period
suggesting there was indeed a positive employment growth for STEM immigrants in the non-manufacturing
sector. During the same period, we also observe a positive employment growth for natives in STEM
non-manufacturing jobs, but the coefficient is not precisely estimated. Comparing the manufacturing to
the non-manufacturing sector, we see that during the period of heightened import penetration from
China, aggregate manufacturing employment of STEM decreased moderately, but the non-manufacturing
employment of STEM workers increased for both natives and immigrants on average, and more so for
immigrants.

One could interpret the positive employment growth for immigrants and natives in the non-manufacturing
sector as workers moving from manufacturing to non-manufacturing between 2000 and 2007. However,
if these sectoral switches are driven by negative shock in manufacturing rather than growth in
non-manufacturing, we would expect the wage growth to be negative in the non-manufacturing sector.The
negative wage effect would arise from an increase in the supply of workers in the non-manufacturing sector
without sufficient demand.To identify this,we estimate the effect of import penetration in a CZ on the wage
growth of natives and immigrants in STEM and non-STEM occupations across the sectors.

Figure 7 shows the coefficients of interest from these estimations. From the top panel (figure 7a), we
observe a marginally significant positive wage growth for natives in STEM manufacturing jobs, and from
the bottom panel (figure 7b), we observe that natives in STEM non-manufacturing jobs had a statistically
significant negative wage growth during 2000-2007. If we look at the wage growth for immigrants, the
coefficients are negative in both sectors but are not estimated precisely during this period. Immigrants only
get a statistically significant positive wage growth in the manufacturing sector during the pre-2001 import
penetration period. Overall, we find that the benefits to STEM workers were distinct across manufacturing
and non-manufacturing sectors. In the manufacturing sector, native STEM workers had positive wage gains
despite near-zero employment growth, while, in the non-manufacturing sector, immigrants had positive
employment gains depressing the wages of native STEM workers.

Let’s first focus on the decline in wages for native non-STEM workers in the non-manufacturing sector.With
a statistically significant positive employment growth for immigrants in STEM non-manufacturing jobs, this
implies that immigrants are contributing to a surplus in STEM labor in this sector, surpassing any increase in
demand, thereby reducing wages for native STEM workers. In fact,wages for STEM immigrants decrease as
well, although the estimate is not statistically significant. It suggests that, for STEM labor, immigrants and
natives act as substitutes. Moreover, native STEM workers in the manufacturing sector experience higher
wages, possibly due to immigrant workers exiting these industries. As immigrants leave the manufacturing
sector, and the structural shift of manufacturing from relatively low-skilled to high-skilled occurs, the relative
demand for STEM workers will increase. This in turn leads to an increase in wages of STEM natives in
manufacturing through the demand channel.
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Figure 6: ∆ in employment for STEM occupations across industries
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Note: The coefficient reported corresponds to the 2SLS estimation result for β1 in equation 2. The dependent variable is the
employment growth in a CZ for each specification. All regressions include the full set of controls and division fixed effects.
Regressions are weighted using the start of the period CZ population share in the national population. Vertical bars show the
95% confidence intervals constructed using standard errors clustered at the state level.
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Figure 7: ∆ in wage for STEM occupations across industries
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Note: The coefficient reported corresponds to the 2SLS estimation result for β1 in equation 2. The dependent variable is the wage
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intervals constructed using standard errors clustered at the state level.
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4.2 Non-STEM occupations

Now, we look at the employment and wage effects of imports from China on non-STEM jobs for natives
and immigrants. Figure 8 illustrates this change in non-STEM employment across manufacturing and
non-manufacturing industries. Considering the period of heightened import penetration between 2000 and
2007, native non-STEM workers are encountering job losses in the manufacturing sector(figure 8a) but are
finding increased employment in the non-manufacturing sector(figure 8b), indicating a shift across sectors.
Given that non-STEM jobs employ a higher share of low-skilled workers, this sectoral switching is consistent
with the idea that import penetration impacted the low-skilled workers the most. However, for non-STEM
immigrants, employment decreases in both the manufacturing and non-manufacturing sectors albeit the
estimates are not statistically significant. If we look back at figure 5,we have seen an increase in the immigrant
share in non-STEM manufacturing jobs between 2000 and 2014 across the impacted CZs.This increase in
immigrant share arises in the data because in the CZs with the highest import penetration, natives switch to
non-manufacturing affiliations increasing the relative number of immigrants employed in manufacturing. In
terms of the difference between native and immigrant employment in non-STEM jobs in other time periods,
we see a similar pattern, however, the coefficients are not precisely estimated in both sectors.

We again estimate the same set of regressions with wage growth on the left-hand side of equation (2).
Figure 9 shows the estimated coefficients for native and immigrant wage growth in both manufacturing
and non-manufacturing sectors. First, looking at the non-manufacturing sector in figure 9b, we find a
positive and statistically significant wage growth for immigrants between 2000 and 2007,while natives have a
negative wage growth although not estimated precisely. From figure 9a, we find that during the same period,
non-STEM natives in the manufacturing sector had a statistically significant positive wage growth, while
comparable immigrants had an imprecisely estimated negative wage growth. We do not find any significant
results in other periods for either sector.

The decline in employment for native workers in the manufacturing sector, depicted in figure 8a, contrasts
with their increased wages. In particular, an increase in the wage of non-STEM natives during the time of
import penetration is in contrast with the expected results since non-STEM occupations employ a high share
of low-skilled workers. In the next section,we analyze this further.At the same time, recall, that non-STEM
immigrants had near-zero employment growth in the non-manufacturing sector, while natives had positive
employment growth. Thus, the growth in the wages of non-STEM immigrants in non0-manufacturing
implies that immigrants and natives act as complements within the non-STEM occupations. Positive
employment growth for natives in the non-manufacturing sector increases the wages of the immigrants in the
same occupations within the sector.The consensus on the substitutability between natives and immigrants is
that natives and immigrants with similar skills are typically substitutes, but complementarity exists between
skill levels. To test if this growth in wages for non-STEM immigrants in non-manufacturing arises due to
complementarities across skill levels between natives and immigrants, we test the wage and employment
effects across skill levels within occupations in the next section.

5 Heterogeneity within occupations by skill

The adverse effect of import penetration from China on employment has been documented to be higher
for less educated workers, particularly in the manufacturing sector. This has been mostly attributed to the
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Figure 8: ∆ in employment for non-STEM occupations across industries
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Note: The coefficient reported corresponds to the 2SLS estimation result for β1 in equation 2. The dependent variable is the
employment growth in a CZ for each specification. All regressions include the full set of controls and division fixed effects.
Regressions are weighted using the start of the period CZ population share in the national population. Vertical bars show the
95% confidence intervals constructed using standard errors clustered at the state level.
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Figure 9: ∆ in wage for non-STEM occupations across industries
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factor content of trade with China and the fact that manufacturing employment is intensive in less educated
workers (Autor et al., 2013). However, at the occupational level, STEM or non-STEM occupations can be
performed by workers with different levels of education.To identify the difference in effect across education
levels within occupations, we classify individuals into high-skilled and low-skilled. A person is considered
highly skilled if she has a college education.Any individual with a high-school education or less is considered
low-skilled. Using this classification, in this section, we identify the labor market outcome for immigrants
and natives within occupations with different skill levels. Our primary motivation is to identify which skill
group drives the results documented in the previous section.9

First, from looking at the distribution of skill across occupations and across industry classifications (reported
in table A2), in both manufacturing and non-manufacturing, STEM occupations are mostly performed by
high-skilled workers, and non-STEM occupations are mostly performed by low-skilled workers albeit the
high-skill share being close 50% in some instances.The high-skill share of all workers in STEM ranges from
78% to 82% in manufacturing, and 84% to 86% outside manufacturing.For, non-STEM, the high-skill share
ranges from 34% to 42% in manufacturing, and 43% to 50% in non-manufacturing. Based on these shares,
we suspect the high-skilled groups will drive the results for STEM while for non-STEM it could be driven
by either high-skilled or low-skilled groups.

If we consider the difference between immigrants and natives in these occupations, in both manufacturing
and non-manufacturing, the share of high-skilled workers in STEM is higher for immigrants compared to
natives, and the share of high-skilled workers in non-STEM is lower for immigrants compared to natives.
Also, over our sample period, the share of high-skilled in all occupations and industry classification for
both natives and immigrants have increased, suggesting benefits to higher education in the labor market.
Hence, any negative employment effects for less educated workers relative to more educated workers could be
attributed to technological advances shifting the production technology to high-skilled workers (Acemoglu
and Autor, 2011).

We begin by considering skill distribution within STEM occupations for natives and immigrants. Figures
10 and 11 show the effects of import penetration from China on employment growth and wage growth
respectively for STEM natives and immigrants. In the manufacturing sector, we do not find any precise
estimates for employment growth except for high-skilled immigrants for the 1991-2000 period. However,
based on estimates, the employment growth for both natives and immigrants was negative during the
2000-2007 period if they were low-skilled workers, but high-skilled native STEM workers had positive
employment growth. In the non-manufacturing sector, for the same period, we find marginally precise
positive estimates for high-skilled natives and immigrants in terms of import penetration-induced job
growth.The estimates for low-skilled workers are not statistically significant irrespective of nativity.However,
the direction of the estimates is positive for low-skilled immigrants and negative for low-skilled natives.Thus,
the growth in aggregate non-manufacturing STEM employment for both natives and immigrants observed
in figure 6 is largely driven by high-skilled workers.

In terms of wage growth by skill level in STEM occupations between 2000 and 2007, recall, we had a

9 Since, the previous section finds statistically significant results mostly for the period of heightened import penetration from China
between 2000 and 2007, in this section, we focus on this period in explanation of the findings. However, we do report results for
all the periods.
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Figure 10: ∆ in employment for STEM occupations across industries by skill level
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Note: The coefficient reported corresponds to the 2SLS estimation result for β1 in equation 2. The dependent variable is the
employment growth in a CZ for each specification. All regressions include the full set of controls and division fixed effects.
Regressions are weighted using the start of the period CZ population share in the national population. Vertical bars show the
95% confidence intervals constructed using standard errors clustered at the state level.
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Figure 11: ∆ in wages for STEM occupations across industries by skill level
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positive estimate for natives in manufacturing, and negative estimates for natives in non-manufacturing.
The estimates for immigrants were negative in both sectors but also statistically not significant. From figure
11, the coefficient on high-skilled native STEM workers in manufacturing is positive but not statistically
significant, while for low-skilled workers it is negative but almost zero with a very high confidence interval.
Similarly, in the non-manufacturing sector, the coefficient on low-skilled native STEM workers is negative
but not statistically significant. However, high-skilled native STEM workers have a marginally significant
negative wage growth in non-manufacturing. This suggests that the positive wage effect in manufacturing,
and the negative wage effect in non-manufacturing is mostly driven by high-skilled workers.Also, this makes
sense, since the high-skilled share among STEM workers is high in the sample and is the dominant force
behind aggregate STEM statistics. Immigrants, on the other hand,have imprecise estimates of negative wage
growth in both the manufacturing sector and the non-manufacturing sector if they are high-skilled workers.
For low-skilled immigrants, the estimates are negative in manufacturing, but positive in non-manufacturing.

Positive employment growth for high-skilled immigrants in non-manufacturing along with a negative wage
growth again suggests that employment growth was supply-driven.However, in figure 10b,we have observed
positive employment growth for both high-skilled and low-skilled immigrants, but positive employment
growth for only high-skilled natives.The positive employment growth for low-skilled immigrants along with
positive wage growth would suggest that this was primarily demand-driven. This difference in the impacts
can be explained using the idea of substitutability between natives and immigrants. Between 1990 and 2007,
immigrants with less than 12 years of schooling more than doubled from 8.5 million to 17.8 million (Hanson
et al., 2017). Since non-manufacturing employment increased during the same period (Fort et al., 2018),
immigrant take-up in non-manufacturing could be expected to be higher especially for low-skilled due to
cost advantage since low-skilled immigrants tend to have lower wages than comparable natives.Furthermore,
Mandelman and Zlate (2022) shows that low-skilled immigrants are responsible for employment growth in
low-skilled intensive occupations since low-skilled immigration depresses comparable native wages which
incentivizes the natives to gain skills through training and move to occupations demanding higher skills.

Additionally, the negative wage effect on high-skilled immigrants can also be explained using the same
idea of substitutability and cost advantage. From the point estimates, high-skilled immigrants had higher
employment growth in non-manufacturing than their native counterparts. This is primarily because, in the
year 2000, native STEM employment in non-manufacturing was around 8% of total US employment while
immigrant STEM employment in non-manufacturing was around 2% of total employment.Thus, increases
in employment for both natives and immigrants in non-manufacturing especially high-skilled led to excess
workers without sufficient demand, depressing their wages.A higher increase in employment for immigrants
results from the natives and immigrants with similar skills acting as substitutes,allowing the firms to reallocate
their inputs toward immigrants.Thus,even though the wages for both natives and immigrants in this category
drop, the drop in wages for natives is marginally significant,while for the immigrants it is not. In other words,
this suggests that increases in high-skilled immigrant employment allowed the non-manufacturing industries
to substitute the native workforce with immigrants allowing cost-savings.

Now, we consider non-STEM workers and their skill distribution. Figures 12 and 13 show the employment
and wage effects respectively.Consistent with the employment effects of import penetration,we find negative
estimates for both natives and immigrants in the manufacturing sector irrespective of skill level, although
the estimates are not precisely estimated. In the non-manufacturing sector, we find statistically significant
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Figure 12: ∆ in employment for non-STEM occupations across industries by skill level
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Note: The coefficient reported corresponds to the 2SLS estimation result for β1 in equation 2. The dependent variable is the
employment growth in a CZ for each specification. All regressions include the full set of controls and division fixed effects.
Regressions are weighted using the start of the period CZ population share in the national population. Vertical bars show the
95% confidence intervals constructed using standard errors clustered at the state level.
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Figure 13: ∆ in wages for non-STEM occupations across industries by skill level
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estimates for both high-skilled and low-skilled natives in employment growth in non-STEM occupations.
The corresponding coefficients for immigrants are negative in high-skilled non-STEM occupations and
almost zero in low-skilled non-STEM occupations, but not statistically significant in either case. The
estimated coefficients provide further evidence that in non-STEM non-manufacturing jobs, only natives
had employment gains, and this gain accrued to both high-skilled and low-skilled workers.

From the estimates of non-STEM wage growth in manufacturing from figure 13, the high-skilled natives
in non-STEM manufacturing jobs had statistically significant wage gains. This could be explained by the
possibility that the initial job losses in manufacturing, primarily affected the least productive workers,
presumably earning lower wages. As they left the manufacturing sector to join the non-manufacturing
sector, higher-productivity native workers began making up a larger portion of the native labor force in
manufacturing, leading to increased wages for them.This explains the positive wage impact on non-STEM
natives in manufacturing on aggregate as observed in figure 9. In the non-manufacturing sector, we see
an interesting variation in the impact of import penetration on wages between natives and immigrants.
From the coefficients, we find that the wage impacts for natives in non-manufacturing non-STEM jobs
are positive if the native is highly skilled, but negative if the native is low-skilled. Both these coefficients are
not statistically significant. At the same time, looking at the immigrants, we find evidence of imprecisely
estimated positive wage growth if the immigrants are low-skilled. This, opposing sign between natives
and immigrants suggests complementarity between the two groups. Since high-skilled non-STEM natives
increased in non-manufacturing, they act as compliments to low-skilled immigrants,which could explain the
positive non-significant wage growth for immigrants in low-skilled non-STEM non-manufacturing.

6 Conclusion

This paper contributes to existing literature by highlighting differences in the impact of trade with China on
immigrant workers compared to native workers.

When examining STEM workers, we observe that native workers earn higher wages in manufacturing
industries but lower wages in non-manufacturing sectors. One possible explanation for this shift is the
movement of immigrant workers. Our findings indicate that immigrant workers are transitioning from the
manufacturing sector to the non-manufacturing sector. This shift may contribute to a shortage of STEM
workers in manufacturing and an oversupply in non-manufacturing sectors. Policy interventions could
encourage immigrant workers to work in the manufacturing sector through changes in immigration policies
or incentives for firms in this sector to hire more immigrants.

Regarding non-STEM workers, we observe that native workers are transitioning to non-manufacturing
industries. Overall, we note minimal changes in immigrant employment in non-STEM occupations due
to trade. However, examining wages reveals two intriguing outcomes: increased wages for native workers in
manufacturing and higher wages for immigrants in non-manufacturing.The former may be explained by more
productive native workers remaining in manufacturing while less productive ones leave. As for immigrants
earning higher wages in non-manufacturing without changes in employment, it suggests a complementary
relationship between native and immigrant workers.With more native workers entering non-manufacturing,
there’s an increased demand for immigrants.A beneficial policy approach could involve increasing the intake
of non-STEM immigrants to complement the rising number of native workers in non-manufacturing sectors.

27



This overall indicates a shortage of immigrant workers to complement higher-skilled native workers. A
straightforward policy implication is to allow more lower-skilled immigrants to collaborate with native
workers.
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A Appendix

A.1 Additional figures and tables

Figure A1: Nominal value of imports from China between 1991 and 2014

Figure A2: Share of imports from China between 1991 and 2014
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Table A1: Summary statistics

Mean Standard Deviation Median 75th percentile 90th percentile

Trade shock variables

1991-2000 US exposure 0.0225 0.0478 0.0134 0.0304 0.0494

1991-2000 exposure instrument 0.0238 0.0215 0.0167 0.0338 0.0542

2000-2007 US exposure 0.0660 0.2082 0.0421 0.0799 0.1208

2000-2007 exposure instrument 0.0623 0.1316 0.0385 0.0814 0.1250

2007-2014 US exposure 0.0089 0.0483 0.0059 0.0165 0.0291

2007-2014 exposure instrument 0.0231 0.1047 0.0119 0.0258 0.0399

Controls

1991

Share of manufacturing 0.1753 0.2011 0.1503 0.2270 0.3119

Share of STEM 0.0719 0.1222 0.0657 0.0852 0.1059

Share of high skilled 0.3441 0.5955 0.2708 0.3504 0.5000

Share of immigrants 0.0356 0.1424 0.0117 0.0290 0.0611

2000

Share of manufacturing 0.1679 0.2070 0.1320 0.2028 0.2921

Share of STEM 0.0797 0.1162 0.0770 0.0994 0.1211

Share of high skilled 0.3086 0.5013 0.2584 0.3323 0.4144

Share of immigrants 0.0437 0.1272 0.0203 0.0503 0.0866

2007

Share of manufacturing 0.1313 0.1825 0.1036 0.1617 0.2245

Share of STEM 0.0882 0.1337 0.0848 0.1068 0.1266

Share of high skilled 0.3341 0.4950 0.2890 0.3683 0.4412

Share of immigrants 0.0596 0.2920 0.0238 0.0582 0.1104

Notes: The exposure instrument corresponds to the Chinese import exposure to the rest of the world identified
using the eight other high-income countries.The share of manufacturing and the share of STEM occupations are
in shares of employment at the commuting zone level.The share of high-skilled and the share of immigrants are at
shares of the population at the commuting zone level.
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Figure A3: Share of STEM workers in non-manufacturing employment

(a) 2000

(b) 2014
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Figure A4: Share of immigrant workers in STEM and non-STEM non-manufacturing employment

(a1) 2000

(a2) 2014

(a) STEM workers

(b1) 2000

(b2) 2014

(b) Non-STEM workers
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Table A2: High skill share in occupations

1991 2000 2007 2014 1991 2000 2007 2014

Manufacturing Non-manufacturing

STEM

All workers 0.78 0.78 0.81 0.82 0.84 0.85 0.87 0.86

Immigrants 0.86 0.88 0.85 0.89 0.91 0.92 0.93 0.91

Natives 0.77 0.77 0.81 0.81 0.84 0.84 0.86 0.86

Non-STEM

All workers 0.34 0.31 0.35 0.42 0.47 0.43 0.48 0.50

Immigrants 0.35 0.27 0.29 0.35 0.49 0.41 0.40 0.43

Natives 0.35 0.32 0.36 0.43 0.48 0.43 0.49 0.51

Notes: The high skill share reported are averages of all commuting zones for each year. It reports
the share of high skill for each group within STEM and non-STEM occupations. For e.g.,
All workers row reports, among all STEM workers in a CZ on average what share report
to have some college education, and this further separates all STEM workers in a CZ by
manufacturing and non-manufacturing employment.
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A.2 Full regression results

Table A3: Marginal Impact of Import Exposure on Change in Employment Growth for STEM Occupation
in Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -0.624 13.41∗ 0.671 -12.81 0.752 -0.486

(4.0054) (6.2771) (0.9764) (8.9514) (2.8712) (4.1854)

Share of Manufacturing -1.250 -2.719 -0.370 10.69 -2.082 -4.574∗

(1.3588) (1.8718) (0.6387) (6.1473) (1.4928) (2.2735)

Share of STEM 3.352 -6.838 -3.346∗∗ 8.380 1.135 11.70∗∗

(2.6429) (3.6431) (1.1910) (6.3291) (3.5415) (4.1316)

Share of High Skilled 1.556 3.743∗∗ 1.275∗ 3.191 3.759∗ -5.440∗∗

(0.9338) (1.4427) (0.6260) (2.6583) (1.6483) (2.0200)

Share of Immigrants -1.206∗ -1.747∗∗ -0.222 3.390∗∗ 0.659 1.243

(0.5870) (0.6681) (0.2987) (1.3050) (0.5084) (0.7202)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A4: Marginal Impact of Import Exposure on Change in Employment Growth for STEM Occupation
Outside of Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -0.624 13.41∗ 0.671 -12.81 0.752 -0.486

(4.0054) (6.2771) (0.9764) (8.9514) (2.8712) (4.1854)

Share of Manufacturing -1.250 -2.719 -0.370 10.69 -2.082 -4.574∗

(1.3588) (1.8718) (0.6387) (6.1473) (1.4928) (2.2735)

Share of STEM 3.352 -6.838 -3.346∗∗ 8.380 1.135 11.70∗∗

(2.6429) (3.6431) (1.1910) (6.3291) (3.5415) (4.1316)

Share of High Skilled 1.556 3.743∗∗ 1.275∗ 3.191 3.759∗ -5.440∗∗

(0.9338) (1.4427) (0.6260) (2.6583) (1.6483) (2.0200)

Share of Immigrants -1.206∗ -1.747∗∗ -0.222 3.390∗∗ 0.659 1.243

(0.5870) (0.6681) (0.2987) (1.3050) (0.5084) (0.7202)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A5: Marginal Impact of Import Exposure on Change in Wage Growth for STEM Occupation in
Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -0.227 12.83∗ 2.027 -9.236 -1.072 0.462

(1.8201) (6.1705) (1.2042) (7.1799) (1.6844) (2.6734)

Share of Manufacturing -0.522 -2.933∗ -1.153 8.204 0.185 -1.848

(0.5796) (1.4924) (0.9671) (4.6798) (0.6675) (1.5478)

Share of STEM 3.373∗ 0.528 0.612 7.272 -0.969 4.429

(1.3529) (2.7390) (1.1326) (4.9727) (1.5101) (2.8518)

Share of High Skilled 0.572 -0.862 -0.185 4.219∗ 2.057∗ -3.490∗∗∗

(0.4610) (0.7819) (0.4052) (2.1031) (0.8752) (0.9686)

Share of Immigrants -0.0174 -0.679 -0.141 3.308∗∗ 0.565∗ 0.302

(0.2170) (0.4293) (0.1873) (1.1029) (0.2330) (0.5107)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A6:Marginal Impact of Import Exposure on Change in Wage Growth for STEM Occupation Outside
of Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure 0.728 0.0479 -1.520 -5.587 -0.204 2.085

(2.2103) (2.5142) (0.8128) (4.0256) (1.0689) (1.6244)

Share of Manufacturing -0.246 0.0875 0.809 2.913 1.014 0.190

(0.6393) (0.7461) (0.6192) (2.4386) (0.5479) (1.0616)

Share of STEM 2.356∗ 2.015 1.719 4.057 -0.567 -2.073

(1.1498) (1.7062) (0.9215) (2.9176) (1.1632) (1.9618)

Share of High Skilled 0.891∗ 0.696 -0.180 0.940 2.429∗∗∗ 1.797

(0.3751) (0.6195) (0.3235) (0.9764) (0.6737) (1.2099)

Share of Immigrants -0.115 -0.00633 0.294 0.473 0.363 0.375

(0.2416) (0.1988) (0.2040) (0.4837) (0.2184) (0.2720)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A7: Marginal Impact of Import Exposure on Change in Employment Growth for Non-STEM
Occupation in Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -2.804 4.725 -0.519 -8.483 -2.022 -0.392

(5.0601) (4.1067) (0.4140) (8.6684) (3.4240) (1.8871)

Share of Manufacturing -0.531 -0.450 -0.373 6.373 -0.524 -2.568

(1.3276) (1.3795) (0.3831) (5.6885) (1.6914) (1.4924)

Share of STEM 7.760∗ -1.419 -0.749 5.153 2.432 5.251

(3.2840) (3.3588) (0.7965) (5.7382) (4.6248) (3.0798)

Share of High Skilled 1.264 2.407∗∗ 0.0569 1.578 5.768∗ 1.802

(1.0062) (0.9090) (0.3893) (1.7800) (2.6796) (1.7202)

Share of Immigrants -0.260 -2.370∗∗∗ -0.0986 1.270 1.844∗∗ 0.667

(0.4690) (0.4421) (0.0860) (1.1365) (0.6621) (0.6382)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A8: Marginal Impact of Import Exposure on Change in Employment Growth for non-STEM
Occupation Outside of Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -2.505 0.929 0.878∗∗ -0.594 -4.077 -2.766

(6.0588) (4.4248) (0.3003) (1.7850) (3.6814) (3.0832)

Share of Manufacturing 0.231 1.005 -0.649∗∗∗ 0.420 1.041 1.515

(1.6285) (1.2160) (0.1534) (1.1472) (1.7315) (1.6916)

Share of STEM 9.980∗∗ 3.139 -1.194∗∗∗ -0.383 5.053 3.151

(3.8191) (3.0425) (0.3302) (1.3717) (3.7181) (3.4481)

Share of High Skilled 1.494 2.627∗∗ -0.0719 0.634 5.035∗ 5.035∗

(1.1310) (1.0157) (0.1387) (0.5943) (2.0890) (2.0512)

Share of Immigrants 0.464 -0.404 -0.0483 -0.0764 2.218∗∗∗ 1.320∗∗

(0.4443) (0.4169) (0.0886) (0.2451) (0.5833) (0.5047)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A9: Marginal Impact of Import Exposure on Change in Wages Growth for Non-STEM Occupation
in Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -1.573 -0.641 0.980∗∗ -1.873 -1.349 0.554

(1.3792) (2.0891) (0.3799) (4.1926) (0.9514) (1.5039)

Share of Manufacturing 0.217 -0.774 -0.496 2.130 0.487 -0.503

(0.3863) (0.5803) (0.3606) (2.7653) (0.6001) (0.6448)

Share of STEM 2.199∗ 2.471 -1.421∗ -0.383 2.111 1.654

(0.8766) (1.2960) (0.6619) (2.5835) (1.2471) (1.2365)

Share of High Skilled 0.543 0.0124 0.411 2.097∗∗ 1.610∗ 0.674

(0.3184) (0.5339) (0.2743) (0.6551) (0.7584) (0.6864)

Share of Immigrants 0.510∗∗∗ 0.435∗∗ -0.00550 1.048 0.208 0.374

(0.1525) (0.1651) (0.1075) (0.5570) (0.1995) (0.3007)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A10: Marginal Impact of Import Exposure on Change in Wage Growth for Non-STEM Occupation
Outside of Manufacturing

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -1.868 -1.258 -0.400 1.750∗ 0.649 0.905

(1.4630) (1.9947) (1.0647) (0.8486) (1.3975) (1.6189)

Share of Manufacturing 0.426 0.377 0.0197 -1.532∗ 0.317 0.216

(0.3557) (0.5011) (0.7337) (0.6710) (0.4660) (0.6507)

Share of STEM 1.756 2.144 1.114 -1.228 -1.092 2.526

(0.9119) (1.2936) (1.3068) (1.4816) (1.3173) (1.4847)

Share of High Skilled 0.0269 0.216 -0.0633 -0.405 0.914∗ 1.548∗

(0.3285) (0.3965) (0.5352) (0.4979) (0.4599) (0.7198)

Share of Immigrants 0.280∗ -0.323 -0.541∗ 0.273 -0.177 0.00851

(0.1262) (0.2535) (0.2335) (0.3141) (0.2819) (0.2501)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A11:Marginal Impact of Import Exposure on Change in Employment Growth for STEM Occupation
in Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -0.414 11.75∗ 1.143 -9.520 0.309 -2.619

(4.0226) (5.7218) (1.2786) (10.0432) (2.8541) (5.1868)

Share of Manufacturing -1.296 -2.413 -0.0755 8.179 -1.932 -3.107

(1.4248) (1.6311) (0.9934) (6.9096) (1.3555) (2.6330)

Share of STEM 2.966 -8.074∗ -4.335∗∗ 7.299 0.842 9.906∗

(2.6461) (3.7158) (1.5970) (7.0755) (3.3950) (4.8422)

Share of High Skilled 1.238 3.830∗ 2.462∗∗ 3.814 3.394∗ -5.513∗∗

(0.9580) (1.5654) (0.8982) (2.4439) (1.5731) (2.1224)

Share of Immigrants -1.319∗ -1.432∗ -0.299 3.290∗ 0.613 0.666

(0.6240) (0.6882) (0.3350) (1.4589) (0.5130) (0.7911)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A12:Marginal Impact of Import Exposure on Change in Employment Growth for STEM Occupation
in Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure 0.372 -12.66 -4.267 -5.756 5.094 -2.951

(3.4171) (12.3149) (5.6596) (6.5966) (4.9139) (8.8232)

Share of Manufacturing -1.018 1.310 3.984 4.009 -4.309 -10.59∗

(0.9498) (4.6076) (3.8341) (5.1773) (3.1191) (4.4786)

Share of STEM 1.992 10.25 -0.950 -5.421 2.069 16.96

(2.1852) (8.8611) (4.6166) (8.7521) (4.1858) (10.4986)

Share of High Skilled 2.331∗∗ -0.317 0.848 3.246 2.021 -8.158∗

(0.7863) (3.8733) (1.6566) (5.1674) (2.0897) (4.1190)

Share of Immigrants -1.043∗∗ -3.363∗ 1.349 2.473 0.420 2.577

(0.3798) (1.3533) (0.8659) (2.2054) (0.8801) (1.5225)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A13:Marginal Impact of Import Exposure on Change in Employment Growth for STEM Occupation
Outside of Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure 0.254 3.942 1.293 3.571 -1.789 2.857

(4.4119) (3.1489) (0.8775) (2.0088) (3.2925) (2.5425)

Share of Manufacturing -0.0855 0.0869 -0.683 -2.845∗ 0.780 1.687

(1.2358) (0.9064) (0.5615) (1.3792) (1.6947) (1.4867)

Share of STEM 5.341 0.589 -2.401∗∗∗ -1.064 0.753 -3.660

(2.8791) (2.2600) (0.5543) (1.8640) (3.9307) (3.2212)

Share of High Skilled 1.868∗ 2.124∗ 0.113 0.801 5.816∗∗ 4.649∗∗

(0.9171) (0.8328) (0.2020) (1.1149) (2.2576) (1.7230)

Share of Immigrants -0.160 -0.439 -0.377∗∗ -0.247 2.059∗∗∗ 0.894

(0.3552) (0.2996) (0.1337) (0.3239) (0.6104) (0.4904)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A14:Marginal Impact of Import Exposure on Change in Employment Growth for STEM Occupation
Outside of Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -2.065 -1.424 -4.657 8.951 0.102 2.739

(3.9497) (5.3339) (4.5868) (6.9015) (2.4480) (6.6297)

Share of Manufacturing 0.514 0.312 3.191 -7.935∗ 0.340 -1.133

(1.0473) (1.3367) (2.8739) (3.5986) (1.6391) (4.3159)

Share of STEM 2.941 -0.278 3.882 2.184 -0.627 -0.915

(2.4058) (3.7512) (2.9854) (10.1118) (3.0836) (7.1233)

Share of High Skilled 3.102∗∗∗ 2.015 -0.880 -0.711 5.390∗∗ -1.039

(0.8202) (1.4048) (0.7969) (3.3677) (1.9158) (2.8488)

Share of Immigrants -0.144 -1.779∗∗∗ 0.224 1.527 1.204∗ 0.0523

(0.3317) (0.4394) (0.5960) (1.0261) (0.5246) (1.1737)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A15: Marginal Impact of Import Exposure on Change in Wage Growth for STEM Occupation in
Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure 0.147 10.61 1.169 -3.590 -0.548 -1.418

(1.9825) (7.0740) (1.3023) (7.5215) (1.5039) (3.0667)

Share of Manufacturing -0.607 -2.865 0.0552 4.596 -0.157 -1.718

(0.5837) (1.6273) (1.0359) (5.1410) (0.8292) (1.7052)

Share of STEM 4.094∗∗ -0.175 -1.397 4.342 0.399 4.996

(1.4126) (2.8635) (1.3474) (5.1085) (1.4836) (3.1794)

Share of High Skilled 0.393 -1.124 1.634∗∗ 4.687∗ 1.098 -3.860∗∗∗

(0.5122) (1.0199) (0.5350) (1.9055) (0.8950) (1.0554)

Share of Immigrants 0.0934 -0.694 0.225 2.794∗ 0.454 0.0699

(0.2216) (0.4941) (0.2952) (1.1341) (0.2618) (0.4715)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A16: Marginal Impact of Import Exposure on Change in Wage Growth for STEM Occupation in
Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -1.278 -4.430 -0.157 -6.810 0.851 -0.378

(2.2211) (8.7203) (3.7343) (5.1959) (2.5958) (4.4521)

Share of Manufacturing -0.376 -0.0000118 1.538 4.115 -1.283 -3.903

(0.7545) (2.6195) (2.5349) (3.4338) (1.9245) (2.4672)

Share of STEM 2.706 6.934 6.087∗ 3.114 -3.152 3.061

(1.5928) (5.9943) (2.7789) (6.1626) (1.7319) (6.5452)

Share of High Skilled 0.580 -1.388 -0.973 1.647 2.370∗ -3.968

(0.5600) (2.2383) (0.8956) (3.1823) (1.0594) (2.4084)

Share of Immigrants -0.1000 -1.538∗ 0.503 3.944∗ 0.803 0.970

(0.3277) (0.7358) (0.4842) (1.5565) (0.6919) (0.9300)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A17: Marginal Impact of Import Exposure on Change in Wage Growth for STEM Occupation
Outside of Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure 2.121 -0.133 -2.168 -4.108 -0.558 1.337

(2.4639) (2.6462) (1.1185) (3.6418) (1.0089) (1.5129)

Share of Manufacturing -0.766 -0.0442 1.447 1.970 0.903 0.154

(0.7243) (0.6629) (0.8562) (2.3243) (0.5965) (1.0588)

Share of STEM 1.485 1.335 2.410∗ 2.598 -0.210 -1.197

(1.2734) (1.8686) (1.1321) (2.4576) (1.2917) (1.8892)

Share of High Skilled 0.768 0.542 -0.249 1.518 2.497∗∗∗ 1.993

(0.4550) (0.6058) (0.4344) (1.0360) (0.7426) (1.0685)

Share of Immigrants -0.236 -0.144 0.535 0.607 0.480∗ 0.318

(0.3371) (0.2257) (0.3110) (0.4757) (0.2083) (0.2747)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A18: Marginal Impact of Import Exposure on Change in Wage Growth for STEM Occupation
Outside of Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -0.368 12.59 -0.157 2.864 0.438 2.963

(1.9720) (7.3868) (3.7343) (4.2035) (1.4945) (4.4954)

Share of Manufacturing 0.293 -2.583 1.538 -3.159 0.742 0.283

(0.5977) (1.6536) (2.5349) (2.4224) (0.7402) (2.3718)

Share of STEM 3.347∗∗ -1.336 6.087∗ 6.617 0.290 -4.403

(1.1830) (3.1408) (2.7789) (5.5033) (1.1429) (3.6747)

Share of High Skilled 1.122∗ -1.144 -0.973 -0.671 1.735∗ -0.692

(0.4978) (1.4224) (0.8956) (2.0769) (0.6989) (1.4868)

Share of Immigrants 0.112 -1.690∗∗ 0.503 2.236∗∗∗ 0.325 -0.724

(0.1943) (0.5689) (0.4842) (0.5902) (0.2943) (0.5988)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A19: Marginal Impact of Import Exposure on Change in Employment Growth for Non-STEM
Occupation in Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -0.480 3.497 -0.361 -8.945 -2.597 1.074

(4.5299) (2.9778) (0.5677) (7.4240) (3.3702) (2.2642)

Share of Manufacturing -1.059 -1.318 -0.298 7.552 -0.192 -3.223∗

(1.3093) (0.9923) (0.4228) (5.0833) (1.5633) (1.4454)

Share of STEM 6.672∗ -0.261 -1.357 6.353 3.055 4.329

(2.9194) (2.4909) (0.7775) (5.3632) (4.4917) (3.5277)

Share of High Skilled 1.057 1.370 0.126 2.089 4.753 -0.966

(0.8398) (0.8239) (0.2732) (2.2325) (2.4656) (1.5742)

Share of Immigrants -0.225 -1.598∗∗∗ -0.335∗ 2.137 1.599∗ 0.504

(0.4073) (0.3373) (0.1561) (1.1389) (0.6248) (0.6315)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A20: Marginal Impact of Import Exposure on Change in Employment Growth for Non-STEM
Occupation in Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -3.067 7.983 -0.517 -12.67 -1.364 -1.484

(5.1752) (5.1931) (0.5403) (11.3478) (3.2296) (2.2561)

Share of Manufacturing -0.599 -0.523 -0.279 8.582 -0.933 -2.173

(1.4185) (1.4498) (0.5412) (7.4355) (1.6551) (1.5974)

Share of STEM 8.419∗ -3.820 -0.462 7.956 2.768 4.535

(3.5074) (4.2197) (0.9722) (7.7395) (3.6801) (3.5187)

Share of High Skilled 1.085 3.468∗∗ -0.297 1.511 4.832∗ 2.047

(1.0317) (1.1845) (0.5852) (2.2361) (2.1726) (1.7948)

Share of Immigrants -0.522 -3.046∗∗∗ -0.0545 1.930 1.508∗ 0.554

(0.5652) (0.5638) (0.1080) (1.4964) (0.6165) (0.6555)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A21: Marginal Impact of Import Exposure on Change in Employment Growth for Non-STEM
Occupation Outside of Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -2.006 1.030 0.955∗∗ -6.645 -4.547 -0.579

(5.7363) (4.1285) (0.3042) (9.5777) (3.8442) (2.7792)

Share of Manufacturing 0.0989 0.324 -0.568∗∗ 3.980 1.067 1.201

(1.5248) (1.0207) (0.1731) (6.0860) (1.8606) (1.5234)

Share of STEM 9.007∗∗ 4.837∗ -0.985∗∗ 2.579 5.834 2.424

(3.4936) (2.4523) (0.3450) (5.3942) (3.9468) (3.3201)

Share of High Skilled 1.588 1.007 -0.204 1.051 4.758∗ 3.645

(1.0866) (0.8767) (0.1692) (1.5045) (2.1819) (1.8895)

Share of Immigrants 0.515 0.0374 -0.135 0.903 2.290∗∗∗ 1.565∗∗

(0.4278) (0.3645) (0.1021) (1.1330) (0.6279) (0.4830)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A22: Marginal Impact of Import Exposure on Change in Employment Growth for Non-STEM
Occupation Outside of Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -4.269 1.619 0.787∗ 0.350 -3.151 -2.672

(5.7405) (4.5822) (0.3977) (1.2091) (3.4371) (3.0905)

Share of Manufacturing 0.750 1.499 -0.630∗∗ -0.163 1.037 1.518

(1.4188) (1.3578) (0.2197) (0.8657) (1.6891) (1.6927)

Share of STEM 9.348∗∗ 0.268 -1.328∗∗ -0.244 3.977 3.134

(3.6037) (2.9880) (0.4358) (1.2831) (3.7147) (3.1067)

Share of High Skilled 1.747 4.198∗∗∗ -0.222 0.797 5.416∗ 4.477∗

(1.1070) (1.0945) (0.1422) (0.5862) (2.2020) (1.8757)

Share of Immigrants 0.444 -1.045∗ -0.0150 -0.198 2.133∗∗∗ 1.074∗

(0.4641) (0.4557) (0.0915) (0.2279) (0.5969) (0.4454)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A23: Marginal Impact of Import Exposure on Change in Wages for non-STEM Occupation in
Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -2.742 1.667 1.538∗∗ -3.569 -1.764 1.921

(1.6657) (3.0053) (0.5386) (4.1131) (1.2082) (1.7367)

Share of Manufacturing 0.179 -1.587 -1.134∗∗ 4.287 0.944 -2.504∗∗

(0.5352) (0.8616) (0.4300) (2.7899) (0.7106) (0.8816)

Share of STEM 3.601∗∗ 1.790 -2.650∗∗ -0.0852 3.645∗ 1.684

(1.1400) (1.6406) (0.8461) (3.0930) (1.5039) (1.8120)

Share of High Skilled 0.517 -0.650 1.041∗∗ 4.156∗∗∗ 1.280 -0.561

(0.4018) (0.6568) (0.3889) (1.1690) (0.8572) (0.7940)

Share of Immigrants 0.578∗∗∗ 0.373 -0.155 1.804∗∗ 0.251 0.0838

(0.1689) (0.2275) (0.1105) (0.6300) (0.2589) (0.4672)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A24: Marginal Impact of Import Exposure on Change in Wages for Non-STEM Occupation in
Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure 1.690 0.340 0.291 -6.509 -1.287 -1.235

(1.4976) (2.5139) (0.5034) (5.6765) (0.9990) (1.8233)

Share of Manufacturing -0.427 -0.950 0.268 4.857 -0.0599 0.885

(0.4112) (0.5958) (0.4030) (3.6696) (0.5836) (0.7221)

Share of STEM 2.178∗ 3.690∗ 0.597 3.727 0.0164 1.122

(1.0094) (1.8504) (0.5041) (3.7904) (1.2370) (1.3973)

Share of High Skilled 0.385 0.0586 -0.609∗∗ 0.812 2.331∗∗ 1.623∗

(0.3094) (0.5995) (0.1876) (1.1786) (0.7474) (0.7044)

Share of Immigrants 0.366∗ 0.121 0.164 1.683∗ 0.249 0.294

(0.1468) (0.2129) (0.2315) (0.7362) (0.3766) (0.3638)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A25: Marginal Impact of Import Exposure on Change in Wages for Non-STEM Occupation Outside
Manufacturing for High Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -2.048 -1.214 1.724 -2.218 -0.116 3.825

(1.9897) (2.6471) (1.2155) (5.2389) (1.5657) (2.3451)

Share of Manufacturing 0.340 0.370 -1.251 0.798 0.234 -0.358

(0.4765) (0.6478) (0.9792) (3.4171) (0.6962) (0.8348)

Share of STEM 2.364∗ 1.627 -1.624 1.315 0.887 0.800

(1.0451) (1.4637) (1.7725) (2.8044) (1.5554) (2.0469)

Share of High Skilled 0.331 0.419 0.395 -0.192 0.620 2.004∗

(0.4056) (0.4647) (0.9194) (0.6955) (0.6550) (0.7986)

Share of Immigrants 0.0445 -0.344 -0.994∗∗ 0.954 0.208 -0.341

(0.1511) (0.3880) (0.3496) (0.8084) (0.3220) (0.3560)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table A26: Marginal Impact of Import Exposure on Change in Wages for Non-STEM Occupation Outside
Manufacturing for Low Skilled Workers

1990-2000 2000-2007 2007-2014

Native Immigrant Native Immigrant Native Immigrant

Import Exposure -1.081 -0.686 -2.846 1.323 0.611 -2.864∗

(1.6321) (2.2265) (2.0250) (1.4753) (2.8547) (1.1403)

Share of Manufacturing 0.409 0.314 1.508 -0.919 0.541 0.894

(0.4072) (0.5780) (1.4058) (1.1445) (0.6523) (0.7183)

Share of STEM 1.845 2.680 3.249 -2.099 -1.801 4.577∗∗∗

(1.1862) (1.4601) (2.3308) (1.7369) (2.1113) (1.3620)

Share of High Skilled -0.487 -0.0644 -0.366 -0.00858 1.739∗∗ 0.620

(0.3476) (0.4155) (0.6576) (0.6799) (0.5306) (0.6850)

Share of Immigrants 0.634∗∗ -0.294 0.114 -0.0613 -0.448 0.587∗

(0.2079) (0.2339) (0.4085) (0.2830) (0.3240) (0.2884)

Observations 632 632 651 651 648 648

Standard errors in parentheses are clustered at the state level. All regressions are weighted by the start of the period CZ
population share of national population.
* p < 0.05, ** p < 0.01, *** p < 0.001
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