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Abstract

This paper analyzes how increased trade exposure affects students' choice of STEM

major. I first present a simple model to illustrate how trade exposure impacts students'

utility functions through their self-beliefs about labor outcomes and then use assorted

data to show that import competition positively affects the choice of STEM major.

The associated effects are 1.05 and 0.72 percentage point increases in the probability

of choosing STEM majors in the first and second parts of college, respectively. As for

labor market outcomes, my results suggest that a rise in import competition leads to

a pronounced negative effect on weekly wages, employment status, and full-time em-

ployment across STEM and non-STEM occupations from the late 1990s through the

2000s. STEM occupations, however, are less negatively impacted by import compe-

tition, which helps explain why a rise in import exposure increases the probability of

students choosing STEM majors.
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1 Introduction

Science, technology, engineering, and mathematics (STEM) education has always been

the focus of the U.S. education system as people in STEM fields play a vital role in the

country's economic growth. The innovation of advanced technologies and the maintenance

of U.S. competitiveness in the world heavily rely on their output. According to Langdon

et al. (2011), the employment of STEM and non-STEM occupations grew by 7.9\% and 2.6\%

in the 2000s, respectively. Moreover, the demand for STEM jobs is expected to keep rising

for the 2020s (Zilberman and Ice 2021). College education is therefore of special importance

in providing a sufficient workforce for STEM-related occupations and industries, because

college majors significantly influence one's career path after graduation (Robst 2007; Altonji

et al. 2012; Lemieux 2014). To reach a balance between the demand for and supply of

college graduates in STEM majors, identifying factors that could affect their choice of major

is relatively important for policymakers.

An existing strand of literature extensively explores factors that influence students' deci-

sions on their college majors such as future earnings stream (Berger 1988), expected earnings

(Arcidiacono 2004; Arcidiacono et al. 2012; Montmarquette et al. 2002; Wiswall and Zafar

2015; Zafar 2011; Patnaik et al. 2020), family background (Leppel 2001; Ma 2009), abilities

(Arcidiacono 2004; Wiswall and Zafar 2015), gender (Zafar 2013), and immigration (Orrenius

and Zavodny 2015). In addition to the factors noted above, shocks to local labor markets

are also associated with the choice of college major. Weinstein (2020) finds that the choice

of major is influenced by sectoral-specific labor demand at the local level. Similarly, Acton

(2020) shows that a decline in local employment leads to fewer students entering the relevant

programs.

This paper analyzes whether trade exposure affects students' choice of STEM major

through its impact on local labor markets.1 As shown in the international trade literature,

import competition from developing countries negatively impacted wages and employment

at the local labor market level from the 1990s through the 2000s (Autor et al. 2013a; Ace-

1In this paper STEM majors include degrees in mathematics, natural sciences, engineering and related
technologies, and computer/information sciences, but exclude social and behavioral sciences such as eco-
nomics and psychology.
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moglu et al. 2016). In addition, some recent papers explore the linkage between educational

attainment and trade. For example, Greenland and Lopresti (2016) find that Chinese import

competition increased high school graduation rates in the areas that were most impacted by

trade shocks. Blanchard and Olney (2017) note that educational attainment is influenced by

the composition of a country's exports. Lee (2021) examines the effect of the North Ameri-

can Free Trade Agreement (NAFTA) on educational attainment at the postsecondary level.

Considering students' expectations of labor outcomes while choosing a college major, import

competition might affect their decisions through its effects on wages and employment. In-

stead of directly analyzing how changes in local labor outcomes influence students' decisions

on majors, this study looks to identify the root cause (trade exposure) that leads to changes

in major choice. Wu (2020) uses this concept and finds that Chinese import competition has

a significant negative effect on the probability of students choosing six engineering majors.

In this study I first present a simple theoretical model on the basis of Zafar (2011),

Altonji et al. (2012), and Wiswall and Zafar (2015) to explain how trade exposure enters

individuals' utility functions at the time of choosing a college major through their self-

beliefs about the distribution of future labor market outcomes. The implication of the

model is that the movement of people's utility considering their choice of major depends on

the relationship between trade exposure and the mean of their beliefs about the distribution

of labor outcomes. The model, however, does not determine whether utility goes up or down

as import competition increases. Instead, I rely on the results from the empirical section to

determine the direction of utility's movement.

To quantify trade exposure at the local level, I construct my measure of trade exposure

by combining the methods in Autor et al. (2013a) and Ebenstein et al. (2014). My measure

is built to specifically capture import competition faced by STEM occupations at the com-

muting zone (c-zone) level. This occupation-specific measure exploits the close relationship

between STEM majors and STEM occupations and thus better gauges trade shocks.2 I

then use the National Longitudinal Survey of Youth 1997 (NLSY97) to analyze the effect of

2In the appendix section, Fig. A.6 shows the proportions of STEM majors working in STEM occupations
by using nine waves of the National Survey of College Graduates (NSCG). For people aged below 40, at least
60\% of college graduates with a degree in STEM work in STEM occupations. For people aged above 40, the
proportion slightly decreases, but remains at 50\%.
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trade exposure on choice of STEM major. I find that import competition from low-income

countries leads to an increase in the probability of students choosing STEM majors. The

associated magnitudes of the effects are 1.05 and 0.72 percentage point increases in the

probability of choosing STEM majors in the first and second parts of college, respectively.

Since the share of bachelor's degrees in STEM in 2000 is 16.4\%, this implies that the 1.05

percentage point increase is equivalent to a 6.4\% increase in the probability. I also explore

heterogeneity across genders and find that import competition has a significant positive effect

for males, but not for females regarding the choice of STEM major. In addition to NLSY97,

I further use the American Community Survey (ACS) for a robustness check and similarly

show that students are more likely to major in STEM due to increased trade exposure.

While it has been well recognized that STEM occupations enjoy higher wages and rapidly

growing employment opportunities compared to non-STEM jobs (Fayer et al. 2017; Langdon

et al. 2011), it is not clear that whether STEM occupations still maintain the competitive-

ness in the face of growing import competition from low-income countries. If STEM jobs

can better protect people from the negative impacts brought by import competition, then

students will have a greater incentive to select STEM majors. Accordingly, my next step is

to use the Current Population Survey (CPS) and explore whether the local labor outcomes

(e.g., wages, employment status, and full/part-time employment) serve as channels through

which trade exposure positively affects students' willingness to choose STEM majors over

other fields.

The results suggest that increased import competition from low-income countries has an

overall negative effect on the local labor outcomes across STEM and non-STEM occupations

from the late 1990s through the 2000s. STEM occupations, however, are less negatively

affected by trade shocks compared to non-STEM occupations in both manufacturing and

non-manufacturing sectors. For example, the 1998-2010 CPS presents that increased trade

exposure decreases the weekly wages of non-STEM and STEM occupations by 1.17\% and

0.62\%, respectively, in the non-manufacturing sector. In addition to weekly wages, people

with STEM jobs are less likely to become unemployed due to import competition as well. The

CPS data indicate that increased import exposure causes the probability of unemployment

for non-STEM and STEM occupations in manufacturing to increase by 0.53 and 0.24 per-
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centage points, respectively. Aside from unemployment, I also find that STEM occupations

enjoy an advantage over other jobs when a rise in trade exposure leads to a lower probability

of working full-time across occupations. My results suggest that increased import exposure

decreases the probability of working full-time for non-STEM and STEM occupations in man-

ufacturing by 0.57 and 0.3 percentage points, respectively. In the non-manufacturing sector,

the negative impact for STEM jobs regarding full-time employment is also smaller than that

for non-STEM occupations. These results consistently imply that STEM occupations are

more resistant to the negative impact brought by foreign import competition. Lastly, I use

NLSY97 to explore the post-college performance of STEM and non-STEM majors in the

labor market and find that increased trade exposure leads to significant negative effects for

males in terms of weekly wages and employment. However, I do not observe any statistically

significant effects brought by import competition when I use the pooled and female sub-

samples. Furthermore, the results show that STEM majors are less negatively affected by

import competition for males, but not for females regarding weekly wages and employment

status.

This study contributes to the existing literature in several ways. First, this paper iden-

tifies import competition as a causal factor that affects students' choice of STEM major in

postsecondary education. While there are papers exploring the relationship between trade

and educational attainment (Greenland and Lopresti 2016; Blanchard and Olney 2017; Lee

2021), none of them focuses on the linkage between trade and college major choice.3 More-

over, the connection between import competition and choice of STEM major is of special

importance, as the demand for skilled labor from STEM fields has been rising and strong. In

the 2000s, the employment of STEM jobs rose by 7.9\%, while non-STEM jobs only grew by

2.6\% (Langdon et al. 2011). Second, this paper shows that the differential response of STEM

and non-STEM occupations to import competition regarding labor outcomes explains why

there is an increase in the probability of students choosing STEM majors due to increased

trade exposure. Previous literature on trade exposure usually focuses on how wages or em-

ployment status is affected and overlooks the ensuing impact of affected labor outcomes.

3Lee (2021) briefly touches on the effect of tariff reduction on the choice of fields of study in community
colleges.
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However, in this study I discover that impacted labor outcomes could be the bridge that

connects import competition with choice of STEM major. Third, I use the concept of self-

belief distribution to illustrate how trade exposure enters people's utility function at the time

of choosing a college major. The simple utility model provides a theoretical background to

depict the role of labor outcomes in the relationship between trade exposure and choice of

college major.

The rest of this paper is organized as follows. Section 2 presents the theoretical model.

Section 3 discusses the data. Section 4 introduces the empirical strategy. Section 5 offers

the empirical results. Section 6 concludes.

2 Theoretical framework

This section constructs a simple model to illustrate how trade exposure affects students'

decisions on major choice. The model closely follows the works of Zafar (2011), Altonji et al.

(2012), and Wiswall and Zafar (2015). There are three time periods in the model: first part

of college, second part of college, and post-college labor market. By dividing the college time

period into two parts, I can model the major choice that students make in different periods of

college. Let t1, t2, and t3 denote the three time periods, respectively. I assume that students

choose their majors (m1) in the first part of college and then make their choice again (m2)

in the second part of college. The choice of major in the second part means either switching

out of or remaining in their first chosen major.

2.1 First part of college

Ui,m1,t1 =\gamma i,m1 + \alpha i,m1 + EUi,m1 ,where (1)

EUi,m1 =\beta t2+t3

\int 
ui(X)dGi(X| m1, t3). (2)

Equation 1 shows the utility of individual i given the choice of college major m1 in period

t1. Here, \gamma i,m1 and \alpha i,m1 are individual i's preference and ability for major m1. Since people
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are foresighted, their utility not only depends on own preference and ability, but also hinges

on future events given their chosen fields.4 Therefore, I use EUi,m1 to capture individual i's

expected utility at the time of choosing major m1. On the RHS of equation 2, \beta \in (0, 1)

is the discount factor; ui(X) is an individual utility function that maps a vector of finite

future events X to a strictly positive real number IR++; and Gi(X| m1, t3) is a self-belief

distribution or joint cumulative distribution function, conditional on major m1 in period t3.

I assume that u(X) is additively separable in terms of events X for simplicity.5 Since this

paper focuses on how the effects of trade exposure on local labor markets influence students'

decisions on majors, X only includes two indices of labor market outcomes given the choice

of major m1: the relative wages \widehat w and the relative job stability \widehat e compared to the choice of

other college majors.

EUi,m1 = \beta t2+t3

\biggl( \int 
ui( \widehat w)dGi( \widehat w| m1, t3) +

\int 
ui(\widehat e)dGi(\widehat e| m1, t3)

\biggr) 
(3)

= \beta t2+t3 [E (ui( \widehat w)) + E (ui(\widehat e))] . (4)

Because of the separability and additivity assumptions imposed on the utility function,

equation 2 can be written as equation 3. Moreover, Gi(x| m1, t3) with x \in \{ \widehat w, \widehat e\} is a marginal

self-belief distribution, or marginal cumulative distribution function, with respect to each

event x. Furthermore, EUi,m1 can be expressed as the summation of expected utility of the

two labor outcomes as shown by equation 4. To introduce trade exposure \xi into the model,

I assume that the mean of Gi(x| m1, t3) is a fucntion of trade exposure \mu x
i (\xi ).

6 Students'

beliefs about the distribution of labor outcomes change to G\ast 
i (x| m1, t3) with the new mean

\mu x
i (\xi 

\ast ) after experiencing increased trade exposure. The expected utility that uses the new

marginal self-belief distribution G\ast 
i (x| m1, t3) is denoted by EU\ast 

i,m1
.

4Here, I assume that people only care about post-graduation events that happen in t3 when choosing
majors.

5The assumption of additive separability implies that only the marginal self-belief distribution matters
for expected utility, while the joint distribution of beliefs does not enter the equation of expected utility
(Zafar 2011).

6For simplicity, the variance of Gi(x| m1, t3) is assumed to be fixed.
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U\ast 
i,m1,t1

 - Ui,m1,t1 =\beta t2+t3 \{ [E\ast (ui( \widehat w)) - E(ui( \widehat w))] + [E\ast (ui(\widehat e)) - E(ui(\widehat e))]\} (5)

To see how increased trade exposure affects students' utility when choosing majors, equa-

tion 5 shows that the change in utility equals the summation of differences between expected

utility before and after experiencing increased trade exposure. If the differences are positive

(negative) for both labor outcomes, students are expected to find a job with relatively higher

(lower) wages and stability by choosing major m1. Therefore, students are more (less) likely

to choose major m1 due to increased trade exposure. However, if the two differences share

different signs, then the effect of increased trade exposure on students' decisions on major

m1 will be ambiguous.

The question is: Who will change their decisions on college majors due to increased trade

exposure? Here, I use Fig. A.1 to illustrate two scenarios. Suppose that college majors are

classified into two categories: STEM and non-STEM majors. The horizontal axis represents

the relative utility of choosing a STEM major (Ustem/Unonstem), while the vertical axis is the

frequency of students. For students with relative utility greater (smaller) than 1, they will

choose STEM (non-STEM) majors. The black bell curve is the frequency distribution of

relative utility before experiencing a rise in trade exposure. If an increase in trade exposure

results in relatively better labor outcomes for STEM majors and therefore higher relative

utility Ustem/Unonstem, then the black bell curve is expected to shift to the right, as shown

by the green bell curve in the left panel of the figure. The rightward shift of the black bell

curve also implies that the share of students with relative utility close to 1 (red shaded area)

are expected to choose STEM majors due to increased trade exposure. On the other hand,

if increased trade exposure leads to relatively worse labor outcomes for STEM majors and

thus lower relative utility Ustem/Unonstem, the black bell curve will shift to the left, as shown

by the green bell curve in the right panel. The leftward shift of the black bell curve implies

that the share of students who originally decide to choose STEM majors (blue shaded area)

will end up choosing non-STEM majors because of increased trade exposure.

This model, however, does not explicitly decide whether utility conditional on a major
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increases or decreases, because of increased trade exposure. Instead, the direction in which

utility moves relies on results from the empirical section to determine the relationship be-

tween trade exposure \xi and the mean of the self-belief distribution \mu x
i . Figure A.2 uses Gi(\cdot )

and G\ast 
i (\cdot ) to illustrate the relationships between \xi and \mu x

i .
7 The green and black lines in

the figure, respectively, represent the self-belief distribution before and after experiencing

increased trade exposure. An increase in trade exposure results in a smaller mean for G\ast 
i (\cdot )

in the left panel, but a larger mean for G\ast 
i (\cdot ) in the right panel.

2.2 Second part of college

Subsection 2.1 has displayed the effect of trade exposure on the utility function in the first

part of college. Following the similar concept in the previous subsection, I briefly describe

how a student's utility function is influenced in the second part of college.

Ui,m2,t2 = \gamma i,m2 + \alpha i,m2 + \beta t3

\left[  \sum 
x\in \{ \widehat w,\widehat e\} 

\int 
ui(x(\xi ))dGi(X| m1,m2, t3)

\right]  . (6)

Equation 6 is individual i's utility in period t2 given the choice of major m2. \gamma i,m2 and

\alpha i,m2 are the preference and ability for major m2 of individual i. Here, m2 can either be

different from or identical to m1 since students decide whether to stay in their first chosen

field in period t2. The self-belief distribution Gi(X| m1,m2, t3) is not only conditional on the

new majorm2 but also on the first chosen majorm1 as the knowledge and skills learned in the

previous major continue to influence one's belief about the distribution of labor outcomes.

While the self-belief distribution slightly changes, the conclusion remains the same: the

direction in which utility moves depends on the relationship between trade exposure \xi and

the mean of the self-belief distribution \mu x
i .

7For simplicity, I make an assumption that G\ast 
i (\cdot ) either first-order stochastically dominates Gi(\cdot ), or G\ast 

i (\cdot )
is first-order stochastically dominated by Gi(\cdot ). The assumption implies either G\ast 

i (\cdot ) \leq Gi(\cdot ) or G\ast 
i (\cdot ) \geq Gi(\cdot )

for all realized values of labor outcomes.
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3 Data

The main dataset I use is the National Longitudinal Survey of Youth 1997 (NLSY97),

which is a panel dataset that has a sample of 8984 respondents who were 12-17 years old in

1997. The survey was conducted annually from 1997 through 2011 and became biennial after

2011. The dataset contains detailed information regarding respondents' education, family

background, demographics, and labor market outcomes. For example, NLSY97 provides

information on wages, occupation titles, industries, and college majors that respondents

chose during each semester in college. To analyze the effects of trade exposure on students'

decisions on choice of college majors, I restrict the sample to respondents who attended

college and had information on college majors and migration history.8 Moreover, I only

focus on major choices that respondents made in the college they first attended.

Aside from the NLSY97, I also use the 2009-2017 American Community Survey (ACS)

to analyze the effects of trade exposure on choice of major. ACS collects roughly 1\% of the

American population every year and has had respondents with bachelor's degrees or above

report their fields of bachelor's degree since 2009. For comparability of the results from the

two different datasets, I restrict my sample from ACS to those who were aged 23-27 at the

time of survey and assume that people go to college at age 18. Therefore, most respondents

in the ACS sample were first attending college in the 2000s as in NLSY97 by imposing the

assumption.9

Table 1 presents the descriptive statistics of NLSY97 and ACS 2009-2017. From the

table, we see that different genders show differential trends of choosing STEM and non-

STEM majors. In NLSY97, of the 19.3\% of people who chose STEM, 69.4\% (13.4/19.3) of

them are males, while females only account for 30.6\% (5.9/19.3). The dominance of males

in STEM is also observed in ACS 2009-2017. However, females become the majority in

non-STEM fields. For instance, females make up 58.4\% (47.1/80.7) and 61.4\% (48.8/79.5),

respectively, in NLSY97 and ACS. The table also shows that 94.6\% of respondents in NLSY97

8``College"" here refers to both 2-year and 4-year colleges.
9Note that people with associates' degrees are not included in the ACS sample. Most respondents in

NLSY97 first attended college before 2010. To get similar cohorts from ACS 2009-2017, I therefore restrict
the sample in ACS to respondents aged 23-27.
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Table 1. Descriptive Statistics

NLSY97 ACS 2009-2017

STEM: (\%) 19.3 20.5
Male 13.4 12.4
Female 5.9 8.1

Non-STEM: (\%) 80.7 79.5
Male 33.6 30.7
Female 47.1 48.8

Year of first college
attendance: (\%)
before 2000 14.9 N/A
2000-2010 79.7 N/A
after 2010 5.4 N/A

N 5,495 431,428

Notes: Observations are weighted using personal weights. The sam-
ple from ACS is restricted to people aged 23-27 in each round of
survey. Year of first college attendance refers to the year when a
person first attended college. STEM majors include degrees in math-
ematics, natural sciences, engineering and related technologies, and
computer/information sciences, but exclude social and behavioral sci-
ences such as economics and psychology.

first attended college before 2010, and only 5.4\% of people went to college after 2010.

In the appendix, I use data from the National Center for Education Statistics (NCES)

to show the trend of STEM majors. Figure A.3 presents the share of bachelor's degrees in

STEM fields and suggests that the proportion slightly fluctuates between 15\% and 17\%. In

addition, Fig. A.4 demonstrates the geographical variation of bachelor's degrees in STEM

in 2003-04 and 2013-14. Aside from changes in the shares of majors, Table A.2 reports the

proportions of each field in STEM occupations by using ACS 2009-2017. As shown in the

table, at least 60\% of college graduates in STEM occupations possess a degree in STEM

majors.

In addition to NLSY97 and ACS, I also employ data from different sources to construct

my measure for trade exposure and its corresponding instrumental variable. I use trade data

from the United Nations Comtrade Database (UN comtrade) and Schott (2008) and also

use Integrated Public Use Microdata Sample (IPUMS) 1990 to calculate the shares of each

STEM occupation across industries. For local employment shares in my measure, I utilize the

imputed county-level data from Eckert et al. (2020) and further employ 1998-2010 Current

Population Survey (CPS) monthly data to examine the effects of trade exposure on labor

market outcomes. In the appendix, Fig. A.5 depicts the geographic distribution of STEM
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occupations in 2001 and 2012. The maps suggest a pronounced increase in the shares of

STEM occupations in most states.

4 Empirical strategy

4.1 Measure of trade exposure

To quantify the magnitude of trade exposure, I refer to the measures in Autor et al.

(2013a) and Ebenstein et al. (2014).

IMPs,t - =
\sum 
k\in K

\sum 
j\in J

Lk,j,90

Lk,90

\Biggl( 
Ls,j,t - 

Lj,t - 

importlowj,t - 

Ls,t - 

\Biggr) 
. (7)

Equation 7 shows my measure for trade exposure. This study primarily focuses on

STEM fields, and K is the set of occupations that are closely related to STEM majors

such as mathematicians, technicians, engineers, and scientists. I classify these occupations

as STEM occupations.10 Moreover, J is the set of 4-digit NAICS industries; t is the year

when respondents first attended college; s stands for local labor markets and represents

different levels across NLSY97, ACS, and CPS; and s is c-zones in NLSY97, but defined

as states of birth and states of work in ACS and CPS, respectively. Since it takes time for

trade exposure to influence local labor outcomes and then to indirectly affect students' choice

of college major, I use the lagged measure of trade exposure and t - refers to lagged time

periods, while importlowj,t - represents U.S. imports of industry j from low- and lower-middle

income countries (henceforth low-income countries) in period t - .11 In the appendix, Fig.

A.7 shows the geographical distribution of trade exposure between 2000 and 2010 by using

this measure.

The fractions inside the parentheses come from Autor et al. (2013a), emphasizing trade

10For a complete list of STEM occupations that I select, please refer to Table A.1.
11I combine low-income and lower-middle-income countries together and classify them as the low-income

group according to their gross national income (GNI) per capita in 2000: a country belongs to the low-income
group if its GNI per capita in 2000 was below $755; a country belongs to the lower-middle-income group if
its GNI per capita in 2000 was between $755 and $2994.
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exposure faced by U.S. local labor markets; Ls,j,t - is the employment of industry j in local

labor market s; Lj,t - stands for the total employment of industry j in the U.S.; and Ls,t - 

refers to the working age population in s. To derive these employment variables, I use the

averages of lagged local employment.12 Here,
Ls,j,t - 

Lj,t - 
suggests the relative importance of local

labor market s for industry j compared to other areas. For example, Chicago is one of the

most important hubs of food manufacturing industries in the U.S., and thus LChicago,food,t - /

Lfood,t - should be relatively larger than other places. The fraction outside of the parentheses

comes from Ebenstein et al. (2014), stressing the relative importance of each industry for

occupation k. Lk,j,90 is the number of workers in occupation k and in industry j, while Lk,90

is the total number of workers in occupation k. I use IPUMS 1990 to calculate the fraction.13

Even though this measure seems complicated, it has an intuitive interpretation: trade

exposure faced by STEM occupations across local labor markets. Here, I provide an example

to illustrate how my measure works. Suppose that there are only two industries (auto and

clothing) and one STEM occupation (engineers) in Michigan for simplicity. Assume that

import competition is $100/person and $50/person for the auto and clothing industries,

respectively. If 80\% of engineers work in the auto industry while the remaining 20\% work

in the clothing industry, then import competition faced by engineers in Michigan will be

$90/person according to my measure.14 In the example since most engineers work in the

auto industry, import competition faced by engineers is weighted by the distribution of

engineers across the two industries to account for the relative importance of each industry.

In addition, my measure of trade exposure inherits two traits from its original measures.

First, this measure is occupation-specific; i.e., specific to the group of STEM occupations.

This trait helps me better gauge the effects of import competition on labor market outcomes

of those STEM jobs and more precisely evaluate how the choice of STEM major is affected.

Second, it captures differential intensities of import competition encountered by STEM oc-

cupations across local labor markets. For example, mechanical engineers of the automotive

industry in Michigan should experience stronger import competition than their counterparts

12For example, if t - was 2000, I use the averages of local employment from 1996 through 2000.
13The sample of IPUMS 1990 is restricted to college graduates who were aged 23-30 at the time of the

survey.
14\$100\times 80\% + \$50\times 20\% = \$90.
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in North Carolina. By introducing
Ls,j,t - 

Lj,t - 
into my measure, it need not be assumed that

STEM occupations experience the same intensity of trade exposure across the U.S.

4.2 Instrumental variable

My measure of trade exposure uses imports from low-income countries to capture their

productivity growth. However, an increase in imports can come from either America's own

demand for foreign products (demand driven) or productivity growth of foreign countries

(supply driven). To correctly estimate the impact of trade exposure on STEM occupations

in local labor markets, I need to identify the supply driven part of imports, thus employ the

instrumental variable in Autor et al. (2013a), and construct a similar instrument.

IMPOther
s,t - =

\sum 
k\in K

\sum 
j\in J

Lk,j,90

Lk,90

\Biggl( 
Ls,j,t -  - 5

Lj,t -  - 5

importOther
j,t - 

Ls,t -  - 5

\Biggr) 
. (8)

Equation 8 shows my instrumental variable for the measure in equation 7. Here, importOther
j,t - 

refers to eight high-income countries' imports from the low-income countries defined above.15

The instrumental variable uses 5-year lagged (relative to t - ) employment to prevent un-

derestimation of the effects of import competition on local labor market outcomes, because

affected industries' contemporary employment might be lower due to trade shocks.16

4.3 Labor market outcomes

As noted in section 2, I first need to identify whether the relative labor outcomes of STEM

majors become better or worse due to increased trade exposure, so the relationship between

trade exposure and the mean of students' self-belief distribution can be established. If a

rise in trade exposure results in relatively better (worse) labor outcomes of STEM majors,

then the mean of students' self-belief distribution of relative labor outcomes is expected to

increase (decrease). Due to the data constraints on the labor outcomes of STEM majors in

15The eight high-income countries are Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain,
and Switzerland.

16If t - is two-year lagged, then t -  - 5 is seven-year lagged relative to t. In addition, I use single-year
values for employment variables in the instrument.
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the 2000s, I use the CPS data and treat the performance of STEM occupations as a proxy

for the labor outcomes of STEM majors.17 In addition, I use NLSY97 to explore whether

people who chose STEM majors in college outperform others in the labor market when facing

increased trade exposure.

In this subsection, I propose some proxies for \widehat w (relative wages) and \widehat e (relative job sta-

bility) so that the relationship between trade exposure and the relative labor outcomes

of STEM majors can be evaluated in the empirical section. For relative wages, I use\widehat wstem occ = wstem occ

wother occ
, where wstem occ is the wages of STEM occupations, and wother occ is

the wages of other occupations. An increase in \widehat wstem occ implies that STEM occupations

offer relatively higher wages than other occupations. As for relative job stability, I use\widehat ustem occ =
1 - Pr(u)stem occ

1 - Pr(u)other occ
, where Pr(u)stem occ is the probability of unemployment for STEM

occupations, and Pr(u)other occ is the probability of unemployment for other occupations.

An increase in \widehat ustem occ suggests that non-STEM occupations are more likely to encounter

unemployment. In addition, I also use \widehat fullstem occ = Pr(full)stem occ

Pr(full)other occ
, where Pr(full)stem occ

refers to the probability of working full time for STEM occupations, and Pr(full)other occ

is the probability of working full time for other occupations. An increase in \widehat fullstem occ

suggests people with STEM jobs are more likely to work full time compared to non-STEM

occupations.

4.4 Econometric specifications

This subsection presents econometric specifications for testing the effects of trade expo-

sure on students' choice of STEM major and labor market outcomes (relative wages and job

stability).

STEMist = \alpha + \beta IMPs,t - + Individuali\rho + T \times \phi s + \phi s,97 + \varepsilon ist. (9)

17In the theoretical model, \widehat w and \widehat e refer to labor market outcomes of a major instead of an occupation.
However, since STEM majors and STEM occupations share a close relationship, the performance of STEM
occupations can be considered an important factor in students' choice of STEM major. In the appendix,
Fig. A.6 shows the proportions of STEM majors working in STEM occupations and suggests at least 50\%
of people with a degree in STEM work in STEM occupations.
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Equation 9 is my baseline specification for estimating the effects of trade exposure on

choice of STEM major by using NLSY97. I use a linear probability model to carry out

my estimation. The dependent variable STEMist is equal to 1 if individual i first attended

college in year t and chose a STEM major and equal to 0 otherwise.18 IMPs,t - is import

competition faced by c-zone s in lagged time period t - , and c-zone s is where individual i

lived during t - .19 Here, I use the average of one-year and two-year lagged measures of trade

exposure in subsection 4.1. Individuali includes assorted individual characteristics that were

fixed at the time of choosing college major such as parents' educational levels, genders, races,

college types (2-year or 4-year), and whether respondents are foreign-born. To prevent per-

sonal preferences and abilities from causing bias in my estimates, I also include respondents'

GPAs in high school to partially control for abilities at STEM majors. To control for prefer-

ences toward STEM majors, I include several dichotomous variables regarding whether they

took biology, chemistry, physics, general math, advanced math, and computer programming

courses in high school. I also include birth years to control for unobserved factors that could

influence different cohorts' decisions on major choice, such as policies by the U.S. Depart-

ment of Education or national budget for STEM fields. Standard errors are clustered on

c-zone to allow for serial correlation among individuals within each c-zone. T \times \phi s is the c-

zone specific linear time trend, which controls for any time-varying unobservables in c-zones

such as changes in the local education system and educational resources. Here, \phi s,97 refers to

respondents' c-zones in the first round of NLSY in 1997 and is added to the model to control

for time-invariant unobservables such as geographical features or cultural factors, while \varepsilon ist

is the error term.

STEMist = \alpha + \beta IMPs,t - + Individuali\rho + T \times \phi s + \phi s + \varepsilon ist. (10)

For ACS data, I use equation 10 to estimate the effects of trade exposure on choice of

STEM major. Since ACS does not have information on migration history and time of college

18I use years when students first attended college instead of years when students chose their majors. Since
prerequisites for each major differ across colleges, using enrollment years is more consistent.

19I use the crosswalk from Autor et al. (2013b) to convert counties into commuting zones.
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enrollment, I assume that all respondents with a bachelor's degree or above first attended

college at 18 years old and that people stayed in their states of birth before attending

college. STEMist is still a binary variable and equal to 1 if individual i who was born in

state s possessed a bachelor's degree in STEM. t is the year when respondents were 18 years

old. IMPs,t - is the average of one-year and two-year lagged measures of trade exposure, but

measures trade exposure faced by individual i's state of birth s. Individuali includes only

genders and races due to data constraints. T \times \phi s is the state-specific linear time trend to

control for unobserved time-varying factors in respondents' states of birth, while \phi s is the

state of birth fixed effect. Standard errors are clustered on state of birth to allow for serial

correlation among individuals within states.

Outcomescpsijkst = \alpha + \beta IMPs,t - + \gamma IMPs,t - \times 1stem occ + Individuali\rho 

T \times \phi s + \phi s + \phi j + \phi k + \varepsilon ijkst.
(11)

Equation 11 is the baseline specification for estimating the effects of trade exposure on

labor market outcomes by using the CPS data. Outcomescpsijkst represents three dependent

variables that I will use for estimation: Outcomes \in \{ log(wages), Unemployed, Full-time\} .

log(wagesijkst) is the log weekly wages (values in 2007 US$) of individual i whose occupation

was k and worked in industry j in state s in year t. Unemployedijkst is a binary variable and

equal to 1 if individual i was unemployed in year t. Full-timeijkst is also a binary variable and

equal to 1 if individual i was a full-time employee in year t. IMPs,t - is the average of one-year

and two-year lagged measures of trade exposure and gauges trade exposure encountered by

individual i's state of work s. 1stem occ is an indicator variable and equal to 1 if individual i's

job belongs to STEM occupations. The coefficient \beta measures the effects of trade exposure on

the three labor outcome variables for non-STEM occupations, while \gamma measures the relative

effects of trade exposure for STEM occupations compared to non-STEM occupations. By

comparing the signs of estimated \beta and \gamma , I am able to know whether the impact of trade

exposure is larger or smaller for STEM occupations relative to non-STEM occupations.

For instance, if the dependent variable is log(wagesijkst) and the signs are negative for the

estimated \beta , but positive for the estimated \gamma , then it implies that STEM occupations are
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less negatively affected by rising import exposure in terms of weekly wages. Accordingly,

the proxy for relative wages of STEM occupations \widehat wstem occ = wstem occ

wother occ
will increase due

to trade exposure. This also implies the mean of people's self-belief distribution of relative

weekly wages for STEM majors becomes larger according to my assumption. Similarly, the

relationship between trade exposure and other labor outcomes such as employment status

or full-/part-time employment can also be determined by examining the estimates of \beta and

\gamma .

Individuali contains educational levels, potential experience, and its square, genders, and

races.20 Moreover, I divide respondents in the sample into six age cohorts and include the

cohort fixed effect.21 I further add assorted time trend and fixed effects, including the state-

specific linear time trend T \times \phi s, the state of work fixed effect \phi s, the industry fixed \phi j, and

the occupation fixed effect \phi k. Standard errors are clustered on the state\times cohort to allow

for serial correlation among people of the same cohort within states.

Outcomesnlsyijkst = \alpha + \beta IMPs,t - + \gamma IMPs,t - \times 1stem + Individuali\rho +

T \times \phi s + \phi s,97 + \phi j + \phi k + \varepsilon ijkst.
(12)

In addition to CPS, I use NLSY97 to explore whether people who chose STEM majors

in college outperform others in the labor market when facing increased trade exposure.

Equation 12 is the baseline specification for the estimation. Outcomesnlsyijkst includes two labor

market outcomes as noted above: log(wages) and Unemployed. IMPs,t - is the average of

one-year and two-year lagged trade exposure encountered by individual i's c-zone s. 1stem is

an indicator variable and equal to 1 if individual i chose a STEMmajor in college. Individuali

contains personal characteristics such as races, genders, birth years, majors in the first and

second parts of college, parents' educational levels, and potential experience and its square.

The c-zone linear time trend, the location, the industry, and the occupation fixed effects are

also included to control for unobservables. Standard errors are clustered at the c-zone level.

20Potential experience is derived by substracting years of education from respondents' ages.
21The age cohorts are based on respondents' years of birth: 1941-1950, 1951-1960, 1961-1970, 1971-1980,

1981-1990, and 1991-2000.
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5 Results

5.1 Major choice

Table 2. Baseline estimates - NLSY97

OLS 2SLS

1st part 2nd part 2nd part 1st part 2nd part 2nd part
(1) (2) (3) (4) (5) (6)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0427\ast 

(0.025)
0.0722\ast \ast \ast 

(0.019)
0.0415\ast \ast 

(0.018)
0.085\ast \ast 

(0.035)
0.1185\ast \ast \ast 

(0.030)
0.0585\ast \ast \ast 

(0.020)
Control for choice of major

in the first part
No No Yes No No Yes

Estimated effects (pp) 0.53 0.89 0.51 1.05 1.47 0.72
Number of observations 5,495 5,495 5,495 5,495 5,495 5,495

First stage

(Imports from low income
to Other)/worker (\mathrm{I}\mathrm{M}\mathrm{P}other )

1.0562\ast \ast \ast 

(0.183)
1.0562\ast \ast \ast 

(0.183)
1.0561\ast \ast \ast 

(0.183)
F  - Stat 33.3 33.3 33.46

Notes: 1st and 2nd parts refer to choices of major in the first and second parts of college. Estimated
effects are in percentage points and computed as coefficient\times 0.45 (\Delta IMP)\times 0.275 (share of supply
driven imports). Standard errors in parentheses are robust to heteroskedasticity and clustered on the
c-zone. C-zone linear time trend, c-zone 1997 fixed effect, and cohort fixed effects are included in
each column. All imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show
significance at the 1\%, 5\%, and 10\% levels, respectively.

Table 2 shows the baseline OLS and 2SLS estimates by using equation 9. ``1st"" and

``2nd"" in the column headers represent major choices in the first and second parts of college

(henceforth, the first-part and second-part choices of major).22 Columns 1 and 2 suggest that

trade exposure has a positive effect on students' first-part and second-part choices of STEM

majors, and the results are statistically significant at the 10\% and 1\% levels, respectively.

However, since the first-part choice of major could imply one's preference as well as ability,

the estimation of the second-part likely is biased without including the first-part major

choice. Column 3 presents the result after the specification is controlled for the first-part

choice of major, and that the estimated coefficient is still significant at the 5\% level. On

the other hand, the OLS estimates could be biased due to the measure of trade exposure

capturing both supply and demand driven imports from low-income countries.

22In NLSY97, I use respondents' first reported major as their first choice of major and use the last reported
major as their second choice of major.
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To tackle the endogeneity of the measure, I use the instrument in subsection 4.2. Columns

4-6 show the 2SLS results and the corresponding first-stage estimates. Column 4 reports

that trade exposure has a positive effect on students' first-part choice of STEM major. The

estimated coefficient on IMP is 0.085, which is significant at the 5\% level and much larger

than the OLS counterpart in column 1. Since the increase in IMP is $450 per person from the

late 1990s through the 2000s (i.e., \Delta IMP = \$450) and the share of supply-driven component

of imports is 0.275, the coefficient is associated with a 1.05 percentage point increase in the

probability of choosing STEMmajors.23 In addition, the share of bachelor's degrees in STEM

in 2000 is 16.4\%, which implies that the 1.05 percentage point increase is equivalent to a

6.4\% increase in the probability.24 Columns 5-6 report that trade exposure also has a positive

effect on the second-part choice of STEM major, but the magnitude of the effect decreases

if the specification is controlled for students' first-part choice of major. The coefficient in

column 6 suggests an associated 0.72 percentage point, or equivalently 4.39\%, increase in

the probability of choosing STEM majors.25

The results in Table 2, however, are seemed to be inconsistent with the findings in Lee

(2021) since Lee (2021) finds that a reduction of tariffs leads to a higher completion rate for

fields unrelated to manufacturing (e.g., health professions security, and protective services,

and family and consumer sciences) , but not for fields related to manufacturing (e.g., precision

production, engineering technologies, transportation, and mechanic and repair technologies).

There are several potential explanations for the difference. First, we look at different time

periods. This study focuses on the period of 2000s, while Lee (2021) explores the impact

of the free trade agreement between the US and Mexico from 1990 through 2001. Second,

my measure of trade exposure is based on imports from low-income countries, whereas Lee

(2021) uses tariff reductions as the measure of trade liberalization. Third, the definition

of STEM in this paper is greatly different from ""upskill"" defined in Lee (2021).26 Lastly,

NLSY97 includes students enrolled in either community colleges or four-year universities,

but Lee (2021) only analyzes the enrollment of community colleges.

230.45 \times 0.275 \times 0.085 \approx 0.0105. Please see Appendix A.1 for the derivation of supply-driven component
of imports.

241.05\%/16.4\% \approx 6.4\%. The share of bachelor's degrees in STEM is from NCES.
250.45\times 0.275\times 0.0585 \approx 0.72\%. 0.72\%/16.4\% \approx 4.39\%.
26Upskill refers to the fields of study that are related to manufacturing.
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Table 3. 2SLS estimates by gender - NLSY97

1st part of college 2nd part of college

Pooled Males Females Pooled Males Females
(1) (2) (3) (4) (5) (6)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.085\ast \ast 

(0.035)
0.1248\ast \ast 

(0.051)
0.0252
(0.043)

0.0585\ast \ast \ast 

(0.020)
0.0853\ast \ast 

(0.038)
0.0027
(0.020)

Estimated effects (pp) 1.05 1.54 0.31 0.72 1.06 0.03
Number of observations 5,495 2,501 2,994 5,495 2,501 2,994

Notes: The first-part choice of major is included as a control in the specifications of columns 4-6.
Standard errors in parentheses are robust to heteroskedasticity and clustered on the c-zone. C-zone
linear time trend, c-zone 1997 fixed effect, and cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at the
1\%, 5\%, and 10\% levels, respectively.

Since males and females might respond differently to increased import competition, I

divide NLSY97 into two subsamples by gender to explore heterogeneity of choice of STEM

major across genders. Table 3 presents the results by gender: males and females. The

estimates in columns 1 and 4 are the baseline results from columns 4 and 6 of Table 2.

Columns 2 and 3 suggest that trade exposure leads to significant positive effects on the

first-part choice of STEM major for males, but not for females. The associated effect is a

1.54 percentage point increase in the probability of choosing a STEM major for males. The

estimate in column 5 is significant at the 5\% level and associated with a 1.06 percentage

point, or 6.46\%, increase in the probability of male students choosing STEM majors in

the second part of college.27 The insignificant coefficient in column 6 indicates that the

second-part choice of STEM major for females is not influenced by import competition from

low-income countries.

According to the results in Table 3, I find that males are more likely to be impacted

by increased trade exposure from low-income countries in terms of the choice of STEM

major. Since I assume that trade exposure affects students' choice through its effect on local

labor outcomes, this finding might also resonate with the implication of Zafar (2013) that

males care more about the pecuniary outcomes in the workplace than females. Moreover, the

findings in the next subsection in which the positive benefit of working in STEM occupations

is not statistically significant for younger females (aged 23-40) regarding weekly wages and

full-time employment, could also explain the insignificant results for females in Table 3. Some

271.06\%/16.4\% \approx 6.46\%.
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papers in the related literature similarly observe that females experience smaller impacts from

trade. For example, Blanchard and Olney (2017) find that low-skill-intensive manufactured

exports have a larger negative effect on the years of schooling for males than for females.

In Lee (2021), the enrollment effect for community colleges is stronger in commuting zones

with lower proportions of females.

Table 4. 2SLS estimates by year of college attendance - NLSY97

1st part of college 2nd part of college

1997-2010 2000-2010 2000-2007 1997-2010 2000-2010 2000-2007
(1) (2) (3) (4) (5) (6)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.1183\ast \ast 

(0.060)
0.1584\ast \ast 

(0.065)
0.1064\ast 

(0.056)
0.0749\ast \ast 

(0.029)
0.0666\ast \ast 

(0.032)
0.0854\ast \ast 

(0.034)
Estimated effects (pp) 1.46 1.96 1.32 0.93 0.82 1.06
Number of observations 5,192 4,414 4,045 5,192 4,414 4,045

Notes: The first-part choice of major is included as a control in the specifications of columns 4-6.
Standard errors in parentheses are robust to heteroskedasticity and clustered on the c-zone. C-zone
linear time trend, c-zone 1997 fixed effect, and cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at the
1\%, 5\%, and 10\% levels, respectively.

Trade exposure might have differential impacts on local labor markets and on occupa-

tional outcomes in different time periods. Therefore, I divide NLSY97 into three subsamples

according to respondents' years of first college attendance. Table 4 reports the results by pe-

riod: 1997-2010, 2000-2010, and 2000-2007. As noted in Table 1, around 95\% of respondents

in NLSY97 first attended college in the period of 1997-2010. Columns 1-3 show that trade

exposure has a positive effect on the first-part choice of STEM major in each time period,

and that the largest positive effect of trade exposure occurred in the period 2000-2010. The

estimate in column 2 is significant at the 5\% level and is associated with a 1.96 percentage

point, or equivalently 11.95\%, increase in the probability of choosing STEM majors in the

first part of college.28 In column 3, the significance level decreases to 10\%, but the esti-

mate still indicates that college students are 8.05\% more likely to choose STEM majors in

the first-part of college.29 For the second-part choice of major in columns 4-6, even though

the magnitudes of the coefficients are relatively smaller compared to their counterparts in

columns 1-3, the coefficients in columns 4-6 are significant at the 5\% level. In addition, the

second-part choice of STEM major is most positively affected by import competition from

281.96\%/16.4\% \approx 11.95\%.
291.32\%/16.4\% \approx 8.05\%.
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low-income countries in the period 2000-2007. The estimate in column 6 implies that college

students are 6.46\% more likely to choose STEM fields as their second-part choice of majors.30

Table 5. 2SLS estimates by gender and year of first college attendance - ACS

Gender Year of attendance

Pooled Males Females 2000-2010 2000-2007
(1) (2) (3) (4) (5)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0598\ast \ast \ast 

(0.023)
0.0882\ast \ast 

(0.036)
0.0435
(0.027)

0.0730\ast \ast \ast 

(0.026)
0.0683\ast \ast \ast 

(0.018)
Estimated effects (pp) 0.74 1.09 0.54 0.90 0.85
Number of observations 431,428 182,381 249,047 403,902 282,305

Notes: I assume that people attend college at age 18. Year of college attendance refers
to the year when a respondent is 18 years old. Standard errors in parentheses are
robust to heteroskedasticity and clustered on state of birth. State linear time trend
and state of birth fixed effect are included in each column. All imports data are in
2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at the 1\%,
5\%, and 10\% levels, respectively.

For a robustness check of the NLSY97 results, I further use ACS data to estimate the

effects of import competition on students' choice of STEM major. However, the results

obtained from using ACS data should be interpreted with caution, since ACS data are

lacking in detailed personal information that could be used to control for unobservables.

Table 5 shows the results by using equation 10. Column 1 suggests that trade exposure

leads to a significant positive effect on students' choice of STEM major. The estimate

0.0598 is associated with a 0.74 percentage point, or 4.5\%, increase in the probability of

students choosing STEM majors.31

To explore heterogeneity across genders, I divide the sample into male and female sub-

samples. The estimate in columns 2 is associated with a 1.09 percentage point increase in the

probability of choosing STEM majors for male students. However, column 3 suggests that

trade exposure does not have a statistically significant effect for females regarding choice of

STEM major. Besides exploring heterogeneity across genders, I also estimate the sample

across different time periods based on respondents' potential years of first college atten-

dance. Since ACS data do not have information on the year of college enrollment, I assume

that people first attend college at age 18. Columns 4-5 show students' choice of STEM ma-

jor is positively affected by trade exposure if they presumably first attended college during

301.06\%/16.4\% \approx 6.46\%.
310.74\%/16.4\% \approx 4.5\%.
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2000-2010 and 2000-2007.

Comparing Tables 3-5 I find that results are consistent across two different datasets.

For example, import competition has an overall positive effect on students' choice of STEM

major. Males are more impacted by trade exposure than females regarding choice of STEM

major as the estimates for female subsamples are not significant from either dataset. More-

over, the magnitudes of estimates in Table 5 are close to its counterparts in Tables 3 and

4.

Table 6. 2SLS estimates by field

Business Health
professions

Social
sciences

Education Humanities Others

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

A. 1\mathrm{s}\mathrm{t} \mathrm{p}\mathrm{a}\mathrm{r}\mathrm{t} \mathrm{o}\mathrm{f} \mathrm{c}\mathrm{o}\mathrm{l}\mathrm{l}\mathrm{e}\mathrm{g}\mathrm{e} - \mathrm{N}\mathrm{L}\mathrm{S}\mathrm{Y}97

(Imports from low income
to U.S.)/worker

0.0135
(0.033)

 - 0.0222
(0.033)

 - 0.0433\ast 

(0.024)
 - 0.0053
(0.022)

0.0003
(0.032)

 - 0.028
(0.037)

B. 2\mathrm{n}\mathrm{d} \mathrm{p}\mathrm{a}\mathrm{r}\mathrm{t} \mathrm{o}\mathrm{f} \mathrm{c}\mathrm{o}\mathrm{l}\mathrm{l}\mathrm{e}\mathrm{g}\mathrm{e} - \mathrm{N}\mathrm{L}\mathrm{S}\mathrm{Y}97

(Imports from low income
to U.S.)/worker

0.0038
(0.024)

 - 0.0345\ast 

(0.018)
 - 0.0003
(0.012)

0.0057
(0.017)

 - 0.0269
(0.024)

 - 0.0063
(0.033)

C. \mathrm{A}\mathrm{C}\mathrm{S}

(Imports from low income
to U.S.)/worker

 - 0.0527\ast \ast 

(0.021)
 - 0.0340\ast 

(0.018)
0.0050
(0.019)

 - 0.0191
(0.018)

0.0010
(0.021)

 - 0.0079
(0.020)

Notes: Panels A and B use NLSY97 and focus on choice of major in the first and second parts of
college, respectively. The first-part choice of major is included as a control in panel B. Standard
errors in parentheses are robust to heteroskedasticity and clustered on the c-zone for specifications
in panels A and B. C-zone linear time trend, c-zone 1997 fixed effect, and cohort fixed effects are
included in each column of panels A and B. State linear time trend and state of birth fixed effect are
included in each column of panel C. All imports data are in 2007 US$, and values are in thousands.
\ast \ast \ast , \ast \ast , and \ast show significance at the 1\%, 5\%, and 10\% levels, respectively.

The results in the previous tables present that students are positively affected by trade

exposure regarding the choice of STEM major. However, an increase in the probability

of choosing STEM majors might lead to fewer students selecting other fields. I therefore

substitute the binary variables of other fields (business, health professions, social sciences,

education, humanities, and others) for the dependent variable STEMist in equation 9 to

explore whether students are less likely to choose non-STEM majors due to import compe-

tition. Panel A of Table 6 suggests that students are less likely to major in social sciences

in the first part of college, while I do not observe any statistically significant effect for the

first-part choice of other fields. For the second-part choice of major, panel B shows trade

exposure has a negative effect on the choice of health professions, while no significant results

can be found in other fields. In addition to NLSY97, I also include the results from ACS
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data in panel C. The estimates in panel C suggest that import competition faced by STEM

occupations reduces the probability of majoring in business and health professions. In Table

6, I find that only the field of health professions suggests more consistent results across the

two different datasets. For the fields of education and humanities, their insignificant esti-

mates across panels in the table imply that education and humanities are the least affected

fields by import competition specific to STEM occupations.

Table 7. Migration

Non-migrants

States C-zones
(1) (2)

A. 1st part of college
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0965\ast \ast 

(0.041)
0.0792
(0.059)

Estimated effects (pp) 1.19 0.98
Number of observations 5,128 4,880

B. 2nd part of college
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0488\ast \ast 

(0.020)
0.0589\ast \ast 

(0.026)
Estimated effects (pp) 0.60 0.73
Number of observations 5,128 4,880

Notes: Panels A and B use NLSY97 and focus on
choice of major in the first and second parts of col-
lege, respectively. The first-part choice of major is
included as a control in panel B. Standard errors in
parentheses are robust to heteroskedasticity and clus-
tered on the c-zone for specifications in panels A and
B. C-zone linear time trend, c-zone 1997 fixed effect,
and cohort fixed effects are included in each column
of panels A and B. State linear time trend and state
of birth fixed effect are included in each column of
panel C. All imports data are in 2007 US$, and val-
ues are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance
at the 1\%, 5\%, and 10\% levels, respectively.

Another aspect I would like to explore is the migration pattern in my sample. So far I

have not differentiated between people who did or did not migrate when they first attended

college. However, people who migrated to pursue college education might be intrinsically

different from those who did not. The differences, for example, might lie in their family

backgrounds or personalities. In addition, my results so far have only accounted for the

local impact of pre-college trade exposure on students' choice of STEM major, which means

I only focus on import competition faced by pre-college local labor markets. Nevertheless,
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the environment and the location of a college might also play a vital role in students' choice

of college major. Of the 5495 people in my sample, 367 of them (or 6.7\%) migrated to

other states for attending college. Besides state-to-state migration, I also look at migration

between c-zones. There were 614 of them (or 11.2\%) migrating to other c-zones for college

attendance. These migration rates are consistent with existing literature on migration. For

example, Molloy et al. (2011) find that cross-state and cross-commuting zone migration

rates were 8.9\% and 12.9\% in 2000, respectively. Table 7 shows the results when I restrict

my sample to those who stayed in the same states or c-zones while first attending college.

Column 1 of panel A shows that trade exposure still positively impacts students' first-part

choice of STEM major when I restrict the sample to those who stayed in the same states.

However, for those who stayed in the same c-zones, the estimate in column 2 of panel A

remains positive, but not significant. Columns 1 and 2 of panel B instead suggest import

competition has a significant positive effect on the second-part choice of STEM major for

both types of non-migrants. From Table 7, I find that significance levels and the magnitudes

of coefficients do not have a noticeable change compared to previous results, thus providing

evidence that my outcomes are not driven by unobserved differences between migrants and

non-migrants or by unobserved characteristics of college locations.

Table 8. Falsification exercise

1st part 2nd part
(1) (2)

A. NLSY97
(Future imports from low

income to U.S.)/worker
0.03
(0.023)

 - 0.0016
(0.017)

Number of observations 5,308 5,308

B. ACS
(Future imports from low

income to U.S.)/worker
 - 0.0400\ast \ast \ast 

(0.015)
Number of observations 403,902

Notes: Standard errors are robust to heteroskedas-
ticity and clustered on the c-zone in each column of
panel A. Standard errors in parentheses are robust to
heteroskedasticity and clustered on state of birth for
specifications in panel B. State linear time trend and
state of birth fixed effect are included in each column
of panel B. All imports data are in 2007 US$, and
values are in thousands. \ast \ast \ast , \ast \ast , and \ast show signifi-
cance at the 1\%, 5\%, and 10\% levels, respectively.
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While my results hold firmly in different specifications and by using different datasets, the

results could still be driven by unobserved factors that are behind increased trade exposure

and students' choice of STEM major. To verify that my results correctly capture the causal

relationship between the measure of trade exposure and STEM major choice rather than

the secular trend due to unobservables, I regress students' choice of STEM major on future

imports from low-income countries.32 Table 8 reports the results of the falsification exercise

in panels A and B by using the NLSY97 and ACS data, respectively. If the coefficients on

future imports are significant and positive, then the results in previous tables might be driven

by the secular trend. However, the insignificant estimates in columns 1 and 2 of panel A

suggest that my results from the NLSY97 in previous tables cannot be driven by the secular

trend due to unobservables. While the estimate in column 2 of panel B is significant at the

1\% level, its sign is negative. This result implies the causal relationship derived from ACS

does not come from the secular trend either.

Table 9. 2SLS estimates by income level of exporting countries

1st part of college 2nd part of college

Income levels

Low Middle High Low Middle High
(1) (2) (3) (4) (5) (6)

A. NLSY97
(Imports to U.S.)/worker 0.085\ast \ast 

(0.035)
0.1421
(0.119)

0.0333\ast 

(0.018)
0.0585\ast \ast \ast 

(0.020)
0.2042\ast \ast 

(0.095)
0.0162\ast 

(0.010)
Number of observations 5,495 5,495 5,495 5,495 5,495 5,495

B. ACS
(Imports to U.S.)/worker 0.0598\ast \ast \ast 

(0.023)
0.0546
(0.034)

0.0164\ast 

(0.009)
Number of observations 431,428 431,428 431,428

Notes: The first-part choice of major is included as a control in the specifications of columns 4-6 in
panel A. Standard errors in parentheses are robust to heteroskedasticity and clustered on the c-zone in
each column of panel A. C-zone linear time trend, c-zone 1997 fixed effect, and cohort fixed effects are
included in each column of panel A. Standard errors in parentheses are robust to heteroskedasticity
and clustered on state of birth for specifications in panel B. State linear time trend and state of birth
fixed effect are included in each column of panel B. All imports data are in 2007 US$, and values are
in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at the 1\%, 5\%, and 10\% levels, respectively.

While my measure of trade exposure focuses on imports from low-income countries, I

also calculate import competition from countries of different income levels to explore their

32I use post-graduation imports as future imports. For example, if a student graduates from a 4-year
college in 2010, then I use the average of 2015 and 2016 imports as my future imports.
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differential impacts on major choice. Exporting countries are classified into three income

levels based on their gross national income (GNI) per capita in 2000: low, middle, and

high.33 Panel A of Table 9 shows the results by using NLSY97. The estimates in columns 1

and 4 of panel A are from Table 2, which are the baseline results and show the impact from

low-income countries. Columns 2 suggests that there is no significant relationship between

the first-part choice of STEM major and import competition from middle-income countries.

The estimate in column 3 shows that the impact from high-income countries has a positive

effect on students' first-part choice of STEM major. Columns 5 and 6, however, indicate

that import competition from middle- and high-income countries has a positive effect on the

second-part choice of STEM major. The estimates 0.2042 and 0.0162 are significant at the

5\% and 10\% levels, respectively. Comparing the magnitudes of the estimates in columns

4-6, I find middle-income countries have a surprisingly large effect on students' second-part

choice, and that the impact of high-income countries is trivially small.

Panel B of Table 9 presents the estimates by using ACS data. Since people reported their

final bachelor's degrees instead of initial choices of major to ACS, the estimates from ACS

data are placed in columns 4-6 to compare the results of the second-part choice of major

from NLSY97. The result in column 4 is from the baseline estimate in column 1 of Table

5. Column 5 suggests that increased imports from middle-income countries does not have

a significant effect on students' choice of STEM major. Column 6 indicates that import

competition from high-income countries also increases the probability of majoring in STEM,

but the magnitude of the effect is much smaller.

5.2 Labor market outcomes using CPS

Subsection 5.1 has shown that increased trade exposure faced by STEM occupations

has a positive and statistically significant effect on students' choice of STEM major. In

this subsection, I use 1998-2010 CPS data to explore whether STEM occupations enjoyed an

33I combine low-income and lower-middle-income countries together and classify them as the low-income
group according to their gross national income (GNI) per capita in 2000: a country belongs to the low-income
group if its GNI per capita in 2000 was below $755; a country belongs to the lower-middle-income group
if its GNI per capita in 2000 was between $755 and $2994; a country belongs to the upper-middle-income
group if its GNI per capita in 2000 was between $2995 and $9265; a country belongs to the high-income
group if its GNI per capita in 2000 was over $9265.
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advantage over non-STEM jobs in terms of labor market outcomes when the U.S. experienced

growing import competition from low-income countries from the late 1990s through the

2000s. Results in this subsection also help me determine the relationship between trade

exposure \xi and the mean of the self-belief distribution \mu x
i in the theoretical model. I also use

$450 to represent the change in trade exposure during this time period (i.e., \Delta IMP = \$450).

Table 10. Effects of trade exposure on log weekly wages by age - CPS

Manufacturing sector Non-manufacturing sector

Dependent variable: 23-64 23-40 41-64 23-64 23-40 41-64
log(wages) (1) (2) (3) (4) (5) (6)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0656\ast \ast \ast 

(0.024)
 - 0.1040\ast \ast \ast 

(0.035)
 - 0.0457
(0.035)

 - 0.0944\ast \ast \ast 

(0.017)
 - 0.1178\ast \ast \ast 

(0.024)
 - 0.0864\ast \ast \ast 

(0.024)
IMP\times 1stem occ 0.0727\ast \ast \ast 

(0.011)
0.0469\ast \ast \ast 

(0.017)
0.0908\ast \ast \ast 

(0.017)
0.0440\ast \ast \ast 

(0.010)
0.0410\ast \ast \ast 

(0.014)
0.0454\ast \ast \ast 

(0.012)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\%)  - 0.81  - 1.29  - 0.57  - 1.17  - 1.46  - 1.07
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\%) 0.09  - 0.71 0.56  - 0.62  - 0.95  - 0.51
Number of observations 268,645 117,297 151,348 1,592,669 758,777 833,892

Notes: The dependent variable is log weekly wages in 2007 US$. Respondents in the sample are
divided into six age cohorts. The observations in the sample with the top and bottom 1\% of
weekly wages are dropped in case of bias from extreme values. Standard errors in parentheses are
robust to heteroskedasticity and clustered on the state of work\times cohort. State linear time trend,
state of work, occupation, industry, and age cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at
the 1\%, 5\%, and 10\% levels, respectively.

Table 10 reports the effects of import competition on log weekly wages by using equation

11. Considering that import competition might have differential effects across sectors and

on different age groups, I analyze the CPS data in two sectors (manufacturing and non-

manufacturing) and divide the sample into younger (age 23-40) and older (age 41-64) cohorts.

Columns 1-3 of Table 10 show the estimates when I restrict the sample to the manufac-

turing sector. Column 1 suggests that import competition has a negative and statistically

significant impact on the weekly wages of non-STEM occupations in the manufacturing sec-

tor. The estimate  - 0.0656 implies a reduction of weekly wages by 0.81\%.34 However, the

impact of import competition for STEM jobs regarding weekly wages is trivially small as

the estimates  - 0.0656 and 0.0727 almost cancel each other out. For the younger cohort in

column 2, the estimates show that both STEM and non-STEM jobs are negatively affected

in terms of weekly wages, but non-STEM occupations encounter a more serious negative im-

34 - 0.0656\times 0.45\times 0.275 \approx  - 0.81\%.
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pact than STEM jobs do. The estimates in column 2 suggest import competition decreases

weekly wages by 1.29\% and 0.71\% for non-STEM and STEM jobs, respectively.35 As for

the older cohort in column 3, STEM occupations imply an even stronger advantage over

non-STEM jobs regarding weekly wages since the estimated coefficient on IMP\times 1stem occ is

positive and twice larger than the one on IMP (in absolute value).

The specifications in columns 4-6 of Table 10 use the non-manufacturing subsample.

Column 4 suggests an overall negative effect of import competition on weekly wages for

both STEM and non-STEM occupations in the non-manufacturing sector. The estimates

in column 4 are associated with decreases in weekly wages by 1.17\% and 0.62\% for non-

STEM and STEM occupations, respectively.36 If we use the average weekly wage of $790 in

non-manufacturing and assume that people work 52 weeks a year, then these decreases of

weekly wages are also equivalent to drops of $481 and $255, respectively, for non-STEM and

STEM occupations from the late 1900s through the 2000s.37 For the younger cohort, column

5 similarly indicates that STEM jobs are less negatively influenced by import competition.

As for people aged above 40, column 6 suggests the negative effect on weekly wages for

STEM jobs ( - 0.51\%) is half that for non-STEM occupations ( - 1.07\%). Comparing the

results across manufacturing and non-manufacturing, I find that the magnitudes of wage

effects are generally larger for non-manufacturing than for manufacturing. As pointed out

in Autor et al. (2013a), displaced workers from manufacturing lead to a rise in supply of

labor in non-manufacturing, which causes stronger downward pressure on wages outside the

manufacturing sector.

Based on the results in Table 10, the relative weekly wages of STEM occupations increase

due to greater import competition from low-income countries in the late 1990s and the 2000s,

as non-STEM occupations experience a steeper decline in their weekly wages. This outcome

also implies an increase in the mean of people's self-belief distribution due to better relative

wages for STEM majors in my theoretical model, which suggests weekly wages could be a

channel through which increased trade exposure positively affects the probability of students

choosing STEM majors.

35 - 0.1040\times 0.45\times 0.275 \approx  - 1.29\%; ( - 0.1040 + 0.0469)\times 0.45\times 0.275 \approx  - 0.71\%.
36 - 0.0944\times 0.45\times 0.275 \approx  - 1.17\%; ( - 0.0944 + 0.044)\times 0.45\times 0.275 \approx  - 0.62\%.
37The average weekly wages of $790 in non-manufacturing is derived from CPS 1998-2010.
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Table 11. Effects of trade exposure on log weekly wages by age and gender - CPS

Manufacturing sector Non-manufacturing sector

Dependent variable: 23-64 23-40 41-64 23-64 23-40 41-64
log(wages) (1) (2) (3) (4) (5) (6)

A. Males
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0536\ast \ast 

(0.024)
 - 0.0752\ast \ast 

(0.029)
 - 0.0512
(0.038)

 - 0.0968\ast \ast \ast 

(0.017)
 - 0.1446\ast \ast \ast 

(0.027)
 - 0.0732\ast \ast \ast 

(0.024)
IMP\times 1stem occ 0.0819\ast \ast \ast 

(0.013)
0.059\ast \ast \ast 

(0.022)
0.0975\ast \ast \ast 

(0.017)
0.0650\ast \ast \ast 

(0.012)
0.0694\ast \ast \ast 

(0.019)
0.0583\ast \ast \ast 

(0.014)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\%)  - 0.66  - 0.93  - 0.63  - 1.20  - 1.79  - 0.91
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\%) 0.35  - 0.20 0.57  - 0.39  - 0.93  - 0.18
Number of observations 182,983 79,982 103,001 756,170 375,177 380,993

B. Females
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0948\ast \ast 

(0.039)
 - 0.1795\ast \ast 

(0.072)
 - 0.0359
(0.045)

 - 0.0958\ast \ast \ast 

(0.020)
 - 0.0999\ast \ast \ast 

(0.025)
 - 0.0993\ast \ast \ast 

(0.029)
IMP\times 1stem occ 0.0469\ast \ast 

(0.022)
0.0065
(0.025)

0.0877\ast \ast 

(0.037)
0.0134
(0.015)

0.0038
(0.021)

0.0259
(0.017)

Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\%)  - 1.19  - 2.22  - 0.44  - 1.17  - 1.24  - 1.23
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\%)  - 0.59  - 2.14 0.64  - 1.02  - 1.19  - 0.91
Number of observations 85,662 37,315 48,347 836,498 383,600 452,898

Notes: The dependent variable is log weekly wages in 2007 US$. Respondents in the sample
are divided into six age cohorts. The observations with the top and bottom 1\% of weekly wages
are dropped in case of bias from extreme values. Standard errors in parentheses are robust to
heteroskedasticity and clustered on the state of work\times cohort. State linear time trend, state of
work, occupation, industry, and age cohort fixed effects are included in each column. All imports
data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at the 1\%,
5\%, and 10\% levels, respectively.

Aside from dividing the sample into different age groups and sectors, I also explore

whether trade exposure has differential effects on weekly wages across genders. Table 11

shows the results when the sample is split into male and female subsamples. When I re-

strict my sample to males as shown in panel A of Table 11, the results suggest that STEM

occupations consistently have an advantage over non-STEM jobs in both sectors and across

age groups. The estimates in columns 1 and 3 of panel A even imply import competition

has a net positive effect on weekly wages for STEM jobs. Comparing the estimates between

the two sectors in panel A, I also find import competition generally has a stronger negative

effect on weekly wages in the non-manufacturing sector than in the manufacturing sector.

When I use the female subsample as shown in panel B of Table 11, the estimated coef-

ficients on IMP are negative and mostly significant across the two sectors and age groups.

This implies females in non-STEM occupations, like males, are negatively affected regarding

weekly wages. However, the relative advantage of STEM occupations in the face of trade
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exposure is only observed in the manufacturing sector for females as shown by columns 1 and

3 in panel B. Comparing the estimates in columns 1-3 of across panels, I also find that the

positive effect of being in STEM occupations is stronger for males than for females, which

is implied by the larger positive coefficients on IMP\times 1stem occ in panel A than in panel B.

Table 12. Effects of trade exposure on employment status by age - CPS

Manufacturing sector Non-manufacturing sector

Dependent variable: 23-64 23-40 41-64 23-64 23-40 41-64
Unemployed (1) (2) (3) (4) (5) (6)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0425\ast \ast \ast 

(0.014)
0.0523\ast \ast 

(0.022)
0.0348\ast \ast 

(0.017)
0.0340\ast \ast \ast 

(0.009)
0.0345\ast \ast 

(0.013)
0.0349\ast \ast \ast 

(0.011)
IMP\times 1stem occ  - 0.0231\ast \ast \ast 

(0.004)
 - 0.0278\ast \ast \ast 

(0.006)
 - 0.0204\ast \ast \ast 

(0.006)
 - 0.0138\ast \ast \ast 

(0.003)
 - 0.0175\ast \ast \ast 

(0.004)
 - 0.0116\ast \ast \ast 

(0.003)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p}) 0.53 0.65 0.43 0.42 0.43 0.43
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p}) 0.24 0.30 0.18 0.25 0.21 0.29
Number of observations 1,202,809 514,591 688,218 7,826,842 3,575,150 4,251,692

Notes: The dependent variable is dichotomous and equal to 1 if respondents are unemployed.
Respondents in the sample are divided into six age cohorts. Standard errors in parentheses are
robust to heteroskedasticity and clustered on the state of work\times cohort. State linear time trend,
state of work, occupation, industry, and age cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at
the 1\%, 5\%, and 10\% levels, respectively.

Aside from weekly wages, I also explore whether respondents' employment status is influ-

enced by trade exposure from low-income countries. Table 12 presents the results by using

equation 11, where the dependent variable is dichotomous and equal to 1 if respondents are

unemployed. Columns 1-3 show the results when the sample is restricted to workers in the

manufacturing sector. The estimates in column 1 imply that import competition increases

the probability of unemployment for non-STEM occupations by 0.53 percentage points. Nev-

ertheless, the probability of unemployment only rises by 0.24 percentage points for STEM

jobs during the same period. For the younger and older cohorts in columns 2 and 3, I also

observe that workers in STEM occupations are less likely to lose their jobs compared to

non-STEM occupations as the coefficients on IMP\times 1stem occ are negative and significant at

the 1\% level.

Columns 4-6 of Table 12 instead focus on the non-manufacturing sector. Column 4

suggests that import competition increases unemployment for workers in both STEM and

non-STEM occupations. However, people in STEM jobs still enjoy an advantage and are

more resistant to negative effects brought about by import competition, since non-STEM
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occupations face a much higher increase in the probability of unemployment due to trade

shocks. For example, the estimates in column 4 are associated with rises in unemployment by

0.42 and 0.25 percentage points for non-STEM and STEM occupations, respectively. For the

younger cohort in column 5, the increase in the probability of unemployment for non-STEM

jobs (0.43 pp) is twice as much as the one for STEM (0.21 pp).

According to Table 12, the relative probability of unemployment for STEM jobs will

decrease due to import competition. The relative advantage of STEM jobs regarding em-

ployment status also resonates with Autor et al. (2015) who similarly find that the employ-

ment of abstract-task-intensive occupations (e.g., managerial/professional/technical jobs) is

least impacted by Chinese import exposure compared to manual-task-intensive and routine-

task-intensive occupations. The results in Table 12 further imply a rise in the mean of the

self-belief distribution regarding relative job stability as workers with STEM jobs are less

likely to become unemployed, which again helps explain why import competition positively

influences students' choice of STEM major.

Table 13. Effects of trade exposure on employment status by age and gender - CPS

Manufacturing sector Non-manufacturing sector

Dependent variable: 23-64 23-40 41-64 23-64 23-40 41-64
Unemployed (1) (2) (3) (4) (5) (6)

A. Males
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0459\ast \ast \ast 

(0.014)
0.0501\ast \ast 

(0.022)
0.0438\ast \ast 

(0.019)
0.0440\ast \ast \ast 

(0.012)
0.0446\ast \ast 

(0.019)
0.0453\ast \ast \ast 

(0.015)
IMP\times 1stem occ  - 0.0237\ast \ast \ast 

(0.005)
 - 0.0334\ast \ast \ast 

(0.006)
 - 0.0172\ast \ast \ast 

(0.006)
 - 0.0187\ast \ast \ast 

(0.003)
 - 0.0217\ast \ast \ast 

(0.004)
 - 0.0169\ast \ast \ast 

(0.004)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p}) 0.57 0.62 0.54 0.54 0.55 0.56
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p}) 0.27 0.21 0.33 0.31 0.28 0.35
Number of observations 818,673 348,967 469,706 3,914,842 1,813,453 2,101,389

B. Females
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0350\ast \ast 

(0.015)
0.0534\ast 

(0.028)
0.0175
(0.017)

0.0241\ast \ast \ast 

(0.006)
0.0237\ast \ast \ast 

(0.009)
0.0249\ast \ast \ast 

(0.008)
IMP\times 1stem occ  - 0.0198\ast \ast 

(0.008)
 - 0.0090
(0.013)

 - 0.0301\ast \ast \ast 

(0.010)
 - 0.0077\ast \ast 

(0.004)
 - 0.0163\ast \ast \ast 

(0.004)
 - 0.0020\ast \ast \ast 

(0.006)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p}) 0.22 0.66 0.43 0.30 0.29 0.31
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p}) 0.19 0.55  - 0.16 0.20 0.09 0.28
Number of observations 384,136 165,624 218,512 3,912,000 1,761,697 2,150,303

Notes: The dependent variable is dichotomous and equal to 1 if respondents are unemployed.
Respondents in the sample are divided into six age cohorts. Standard errors in parentheses are
robust to heteroskedasticity and clustered on the state of work\times cohort. State linear time trend,
state of work, occupation, industry, and age cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at
the 1\%, 5\%, and 10\% levels, respectively.
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Since the effects of trade exposure on employment status might differ across genders,

Table 13 presents the relevant estimates by gender. Columns 1-3 of panel A show that import

competition leads to a significant increase in the probability of unemployment for males with

STEM and non-STEM jobs in the manufacturing sector, but the negative impact is smaller

for STEM occupations, because of the negative coefficients on IMP \times 1stem occ. Females in

the manufacturing sector, however, are less negatively affected regarding employment status

as suggested by column 1 of panel B. For non-STEM jobs in the manufacturing sector, the

probability of unemployment rises by 0.57 percentage points for males, but only increases

by 0.22 percentage points for females.

When I use the subsample of the non-manufacturing sector, columns 4-6 of panel A

again show that import competition has an overall negative impact on employment status

for males in both STEM and non-STEM occupations, but imposes a weaker effect on STEM

jobs. When I compare the estimates in columns 4-6 across panels A and B, I find that

import competition has a much weaker effect for females. For instance, column 4 suggests

that the probability of unemployment increases by 0.54 and 0.31 percentage points for males

in non-STEM and STEM jobs, respectively. Nevertheless, the probability only rises by 0.3

and 0.2 percentage points for females in non-STEM and STEM jobs, respectively. Moreover,

I find that the relative advantage of working in STEM occupations is stronger for males than

for females as indicated by the magnitudes of the coefficients on IMP\times 1stem occ in columns

4-6.

In addition to the analysis of employment status, I also use equation 11 with the dichoto-

mous dependent variable Full-timei,t to explore whether trade exposure affects full-/part-time

employment. Since full-time jobs usually provide a more stable and secure career path com-

pared to part-time jobs, I view full-time employment as one type of job stability indices.

Column 1 shows that import competition leads to a significant decrease in the probability

of full-time employment by 0.57 and 0.3 percentage points for non-STEM and STEM occu-

pations in the manufacturing sector, respectively. Since the part-time employment rate is

4.64\% in manufacturing during the early 2000s, this also implies the probability of working

part-time rises by 12.3\% and 6.5\%, respectively, for non-STEM and STEM occupations.38

380.57\%/4.64\% \approx 12.3\%; 0.3\%/4.64\% \approx 6.5\%.
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Table 14. Effects of trade exposure on full-/part-time employment by age - CPS

Manufacturing sector Non-manufacturing sector

Dependent variable: 23-64 23-40 41-64 23-64 23-40 41-64
Full-time (1) (2) (3) (4) (5) (6)

(Imports from low income
to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0461\ast \ast \ast 

(0.009)
 - 0.0512\ast \ast \ast 

(0.013)
 - 0.0400\ast \ast \ast 

(0.013)
 - 0.0302\ast \ast \ast 

(0.009)
 - 0.0327\ast \ast 

(0.013)
 - 0.0245\ast \ast 

(0.010)
IMP\times 1stem occ 0.0222\ast \ast \ast 

(0.003)
0.0184\ast \ast \ast 

(0.006)
0.0251\ast \ast \ast 

(0.004)
0.0194\ast \ast \ast 

(0.004)
0.0229\ast \ast \ast 

(0.006)
0.0175\ast \ast \ast 

(0.005)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p})  - 0.57  - 0.63  - 0.50  - 0.37  - 0.40  - 0.30
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p})  - 0.30  - 0.41  - 0.18  - 0.13  - 0.12  - 0.09
Number of observations 1,141,301 486,242 655,059 7,488,349 3,392,340 4,096,009

Notes: The dependent variable is dichotomous and equal to 1 if respondents are full-time em-
ployed. Respondents in the sample are divided into six age cohorts. Standard errors in paren-
theses are robust to heteroskedasticity and clustered on the state of work\times cohort. State linear
time trend, state of work, occupation, industry, and age cohort fixed effects are included in each
column. All imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show
significance at the 1\%, 5\%, and 10\% levels, respectively.

The result suggests the full-time employment of non-STEM occupations is more negatively

impacted due to trade exposure. Columns 2 and 3 also show similar patterns for the younger

and older cohorts.

When the sample is restricted to the non-manufacturing sector, the negative impact of

import competition on full-time employment still exists. For example, the coefficient on IMP

in column 4 is associated with a 0.37 percentage point decrease in the probability of full-time

employment for non-STEM jobs, which it is equivalent to a 2.52\% increase in the rate of part-

time employment.39 The probability for STEM jobs instead drops by 0.13 percentage points,

which is equivalent to a 0.88\% decrease in the rate of part-time employment.40 The younger

and older cohorts in columns 5 and 6 also show the negative effect of import competition and

the relative advantage of STEM occupations in the face of import competition. Comparing

the results across the two sectors, I find that import competition has a stronger negative

effect on full-time employment in manufacturing than in non-manufacturing.

The results in Table 14 suggest that the relative probability of full-time employment for

STEM jobs will increase due to greater import exposure as STEM occupations are more

likely to work full-time. This also means that the mean of people's self-belief distribution

regarding relative job stability increases as the probability of full-time employment for non-

39The part-time employment rate is 14.7\% for the non-manufacturing sector in the early 2000s.
0.37\%/14.7\% \approx 2.52\%.

400.13\%/14.7\% \approx 0.88\%.
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STEM occupations decreases more than STEM jobs do.

Table 15. Effects of trade exposure on full-/part-time employment by age and gender - CPS

Manufacturing sector Non-manufacturing sector

Dependent variable: 23-64 23-40 41-64 23-64 23-40 41-64
Full-time (1) (2) (3) (4) (5) (6)

A. Males
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0448\ast \ast \ast 

(0.009)
 - 0.0522\ast \ast \ast 

(0.010)
 - 0.0395\ast \ast \ast 

(0.014)
 - 0.0338\ast \ast \ast 

(0.011)
 - 0.0456\ast \ast 

(0.019)
 - 0.0286\ast \ast 

(0.012)
IMP\times 1stem occ 0.0203\ast \ast \ast 

(0.003)
0.0192\ast \ast \ast 

(0.006)
0.0209\ast \ast \ast 

(0.003)
0.0238\ast \ast \ast 

(0.004)
0.0331\ast \ast \ast 

(0.007)
0.0158\ast \ast \ast 

(0.004)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p})  - 0.55  - 0.65  - 0.49  - 0.42  - 0.56  - 0.35
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p})  - 0.30  - 0.41  - 0.23  - 0.12  - 0.15  - 0.16
Number of observations 780,681 331,525 449,156 3,735,672 1,717,473 2,018,199

B. Females
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0489\ast \ast \ast 

(0.018)
 - 0.0512
(0.031)

 - 0.0369
(0.023)

 - 0.0289\ast \ast \ast 

(0.010)
 - 0.0229\ast \ast 

(0.011)
 - 0.0235\ast \ast 

(0.011)
IMP\times 1stem occ 0.0308\ast \ast \ast 

(0.009)
0.0135
(0.014)

0.0451\ast \ast \ast 

(0.013)
0.0175\ast \ast 

(0.008)
0.0151
(0.011)

0.0211\ast \ast 

(0.010)
Est. effects - \mathrm{n}\mathrm{o}\mathrm{n}-\mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p})  - 0.61  - 0.63  - 0.46  - 0.36  - 0.28  - 0.29
Est. effects - \mathrm{S}\mathrm{T}\mathrm{E}\mathrm{M} (\mathrm{p}\mathrm{p})  - 0.22  - 0.47 0.10  - 0.14  - 0.10  - 0.03
Number of observations 360,620 154,717 205,903 3,752,677 1,674,867 2,077,810

Notes: The dependent variable is dichotomous and equal to 1 if respondents are unemployed.
Respondents in the sample are divided into six age cohorts. Standard errors in parentheses are
robust to heteroskedasticity and clustered on the state of work\times cohort. State linear time trend,
state of work, occupation, industry, and age cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at
the 1\%, 5\%, and 10\% levels, respectively.

Table 15 shows the effects of import competition on full-time employment across genders.

As suggested by panel A of Table 15, males with either non-STEM or STEM jobs are

negatively impacted regarding full-time employment in both the manufacturing and non-

manufacturing sectors. STEM occupations, however, still enjoy an advantage over non-

STEM jobs in the face of import competition as the coefficients on IMP \times 1stem occ are

positive across columns and thus weaken the negative effects of import competition.

When I restrict the sample to females, column 1 of panel B suggests that there is a

negative and significant relationship between import competition and the probability of

full-time employment for females in manufacturing. The estimates in column 1 of panel B

are associated with decreases in the probability of full-time employment by 0.61 and 0.22

percentage points for non-STEM and STEM jobs, respectively. Nevertheless, the estimates

in columns 2 and 3 of panel B show that full-time employment has no significant relationship

with import competition for females in non-STEM occupations when the sample is split into
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younger and older cohorts, and that the relative advantage of STEM occupations is observed

for females in the older, but not in the younger cohort. For females in the non-manufacturing

sector, columns 4-6 suggest the full-time employment status of non-STEM jobs consistently

faces negative effects from import competition, and that the younger cohort does not benefit

from working in STEM occupations.

5.3 Labor market outcomes using NLSY97

Subsection 5.2 uses CPS data to provide empirical evidence that STEM occupations are

more resistant to the negative impact on the labor market outcomes brought by increased

import competition. The channels through which trade exposure affects students' choice

of STEM major are therefore established. In this subsection I use NLSY97 to analyze the

relative performance of STEM majors in the labor market compared to non-STEM fields.

Table 16. Effects of trade exposure on wages by gender - NLSY97

Over 30 weeks Full sample

Dependent variable: All Males Females All Males Females
log(wages) (1) (2) (3) (4) (5) (6)

A. STEM switchers
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0055
(0.017)

 - 0.0561\ast \ast 

(0.023)
0.0255
(0.031)

 - 0.0045
(0.017)

 - 0.0540\ast \ast 

(0.025)
0.0240
(0.029)

IMP\times 1stem 0.0429
(0.042)

0.1170
(0.071)

 - 0.0607
(0.046)

0.0005
(0.045)

0.0561
(0.083)

 - 0.0904\ast 

(0.047)
Number of observations 22,082 9,153 12,929 23,933 9,889 14,044

B. STEM non-switchers
(Imports from low income

to U.S.)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

 - 0.0102
(0.014)

 - 0.0590\ast \ast \ast 

(0.019)
0.0200
(0.028)

 - 0.0087
(0.014)

 - 0.0628\ast \ast \ast 

(0.022)
0.0234
(0.028)

IMP\times 1stem 0.0154
(0.017)

0.0355\ast \ast 

(0.018)
0.0269
(0.044)

0.0270
(0.021)

0.0545\ast \ast 

(0.022)
0.0486
(0.043)

Number of observations 24,048 10,829 13,219 26,041 11,679 14,362

Notes: The dependent variable is log weekly wages in 2007 US$. Standard errors in parentheses
are robust to heteroskedasticity and clustered on the c-zone. The c-zone linear time trend, c-zone
1997 fixed effect, occupation, industry, and cohort fixed effects are included in each column. All
imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast , and \ast show significance at
the 1\%, 5\%, and 10\% levels, respectively.

Table 16 reports the effects of trade exposure on log weekly wages by using equation 12.

Here, I classify students who chose STEM majors into two groups: STEM switchers and

STEM non-switchers. STEM switchers refer to those who selected STEM majors in either
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the first or second part of college but not both, while STEM non-switchers are students who

chose STEM majors in both parts of college.

In panel A the indicator variable 1stem equals one if respondents are STEM switchers,

and the sample excludes STEM non-switchers. The sample in columns 1-3 of panel A is

restricted to those who work over 30 weeks in one year. The estimates in columns 1 and

3 of panel A indicate that import competition does not have a significant effect on weekly

wages for the pooled and the female samples. However, the significant estimates in column

2 of panel A suggest that trade exposure negatively affects the weekly wages for males

in non-STEM majors, while STEM switchers do not exhibit any advantage in the face of

import competition as the coefficient on the interaction term is insignificant. When I use the

full sample in columns 4-6 of panel A, males in non-STEM majors and male non-switchers

are similarly negatively affected regarding weekly wages. The significant coefficient on the

interaction term in column 6, however, suggests that female STEM switchers are even more

negatively affected by import competition than females in non-STEM majors.

In panel B of Table 16 the indicator variable 1stem equals one if respondents are STEM

non-switchers, and the sample excludes STEM switchers. Columns 1-3 of panel B use the

sample restricted to those who work at least 30 weeks in a single year. The estimates

in column 2 of panel B show trade exposure has a negative and statistically significant

effect on the weekly wages for males in non-STEM majors, and that STEM majors show a

clear advantage as the estimated coefficient on IMP \times 1stem is statistically significant and

positive. When I use the full sample in columns 4-6 of panel B, the estimates in column

5 are statistically significant and suggest that weekly wages of males in STEM majors are

more resistant to the negative impact brought by import competition.

In the appendix, fig. A.8 plots the percent difference of weekly wages between STEM

and non-STEM occupations by using NLSY97. The horizontal axis is potential experience.

To explore the heterogeneity of wage differential by level of import competition, I assign

people to either ``high"" or ``low"" import competition according to the level of import com-

petition faced by their c-zones. The figure shows that the weekly wages of STEM jobs are

pronouncedly higher than non-STEM occupations by at least 30\% across different years of

potential experience. Moreover, the wage differential is much larger for people with less than
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6 years of potential experience in high import competition c-zones compared to its coun-

terpart in low import competition c-zones. The larger wage differential for people in high

import competition areas also implies that STEM occupations enjoy higher relative wages

in places more exposed to import shocks, which provides students with a stronger incentive

to choose STEM majors. However, the higher wage differential in high import competition

areas gradually subsides as people's potential experience increases.

Table 17. Effects of trade exposure on employment status by gender - NLSY97

Dependent variable: All Males Females
Unemployed (1) (2) (3)

A. STEM switchers
(Imports from low income

to US)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0024
(0.011)

0.0284\ast 

(0.016)
 - 0.0161
(0.016)

IMP\times 1stem  - 0.0034
(0.018)

0.0034
(0.031)

0.0075
(0.024)

Number of observations 30,111 12,459 17,652

B. STEM non-switchers
(Imports from low income

to US)/worker (\mathrm{I}\mathrm{M}\mathrm{P})

0.0083
(0.011)

0.0343\ast \ast 

(0.016)
 - 0.0129
(0.017)

IMP\times 1stem  - 0.0080
(0.007)

 - 0.0195\ast \ast 

(0.009)
0.0003
(0.020)

Number of observations 32,621 14,615 18,006

Notes: The dependent variable is dichotomous and equal to 1
if respondents are unemployed. Standard errors in parentheses
are robust to heteroskedasticity and clustered on the c-zone.
The c-zone linear time trend, c-zone 1997 fixed effect, occu-
pation, industry, and cohort fixed effects are included in each
column. All imports data are in 2007 US$, and values are in
thousands. \ast \ast \ast , \ast \ast , and \ast show significance at the 1\%, 5\%, and
10\% levels, respectively.

Aside from the exploration of weekly wages, I also use equation 12 to analyze the ef-

fect of import competition on employment status. The dependent variable in Table 17 is

Unemployedisjkt, which is dichotomous and equal to one if individual i was unemployed in

year t. The indicator variable 1stem in panel A equals one if respondents are STEM switchers.

Columns 1 and 3 of panel A show that import competition has no significant influence on

employment status when the pooled and female samples are used. Nevertheless, column 2 of

panel A suggests that increased trade exposure leads to a significant rise in the probability of

unemployment for all males as the estimated coefficient on IMP\times 1stem is not statistically sig-

nificant. In panel B of Table 17 the indicator variable 1stem represents STEM non-switchers.
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In column 2 of panel B, the positive sign of the estimated coefficient on IMP implies there

is an increase in unemployment for males in non-STEM majors, while the negative sign of

the estimated coefficient on IMP\times 1stem suggests that the negative impact is alleviated for

males in STEM majors.

Comparing the results of Tables 16 and 17, I find that STEM non-switchers are more

resistant to the negative impact brought by increase trade exposure than STEM switchers.

One potential explanation for the finding is the difference in their career paths. For example,

my sample suggests that only 8.2\% of STEM switchers work in STEM occupations, while the

proportion for STEM non-switchers in STEM jobs is 24.6\%. Since STEM occupations can

better shield people from the negative impacts of import competition as shown by section

5.2, STEM non-switchers are expected to have better performance in the face of rising import

exposure.

6 Conclusions

This paper examines the relationship between trade exposure from low-income countries

and the choice of STEM major in the U.S. Based on the works of Zafar (2011), Altonji

et al. (2012), and Wiswall and Zafar (2015), I build a simple theoretical model to explain

how trade exposure enters individuals' utility functions when students make their decisions

on college majors. The implication of the model is that trade exposure influences people's

utility through its effects on individuals' beliefs about labor market outcomes given their

chosen majors.

I first construct an occupation-specific measure of trade exposure and use NLSY97 to

explore the effect of import competition on choice of STEM major. I find that trade exposure

has a significant positive effect on the choice of STEM major. The associated effects are 1.05

and 0.72 percentage point increases in the probability of choosing STEM majors in the first

and second parts of college. However, I only observe the positive effect on choice of STEM

major for males, but not for females when I split the sample into the male and female

subsamples. For a robustness check of my results, I also use ACS to analyze the impact

of trade exposure on choice of STEM major. The results from ACS consistently show that
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import competition increases students' probability of choosing STEM majors.41

To empirically test my model, I use CPS data to explore relative labor market outcomes

of STEM occupations compared to non-STEM jobs. While trade exposure has an overall

negative impact on the local labor outcomes (weekly wages, employment status, and full-

/part-time employment) from the late 1990s through the 2000s, STEM occupations are less

negatively affected than non-STEM occupations. The relative advantage enjoyed by STEM

occupations helps explain why trade exposure positively influences the probability of students

choosing STEM majors. In addition, I also use NLSY97 to explore respondents' post-college

performance in the labor market. I find that males who chose STEM fields in the first and

second parts of college are less negatively impacted by trade exposure in terms of weekly

wages and employment status. However, I do not observe similar results when I use the

female subsample.

41In the appendix section, I further split STEM into two categories: engineering and non-engineering
majors. Table A.3 shows the impact of trad exposure on the two categories, respectively.
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Appendix

A.1 Supply-driven imports

To derive the supply-driven share of imports from low-income countries, I use the follow-

ing decomposition of the OLS coefficient, from which I refer back to the appendix in Autor

et al. (2013a).

\^\beta OLS = \^\beta 2SLS
V (IMPiv)

V (IMPiv) + V (IMP\^u)
+ \^\beta \^u

V (IMP\^u)

V (IMPiv) + V (IMP\^u)
. (A.1)

Equation A.1 presents that the OLS coefficient \^\beta OLS can be written as a weighted average

between the 2SLS coefficient \^\beta 2SLS and the residual coefficient \^\beta \^u. V (IMPiv) is the variance

of fitted imports from the instrumental variable, and V (IMP\^u) is the variance of imports left

out by the instrument. The three coefficients are derived by using the baseline equation as

follows.

Outcomess,t = \alpha + \beta IMPs,t - + T \times \phi s + \varepsilon i,s,t. (A.2)

The labor market outcomes Outcomess,t are state-level variables and include log weekly

wages, the share of full-time jobs, the unemployment rate in state s, and in year t. IMPs,t - 

is the measure of trade exposure introduced in 4.1. T \times \phi s is the state linear time trend.

Equation A.2 is evaluated by using the fixed-effects estimation to control for any time-

invariant factors. With log weekly wages, I obtain \^\beta OLS =  - 0.0258, \^\beta 2SLS =  - 0.0797, and

\^\beta \^u =  - 0.0021. With the share of full-time jobs, I have \^\beta OLS =  - 0.0086, \^\beta 2SLS =  - 0.1052,

and \^\beta \^u = 0.0256. With the unemployment rate, I have \^\beta OLS = 0.0039, \^\beta 2SLS = 0.0681, and

\^\beta \^u =  - 0.0185. Accordingly, V (IMPiv)/V (IMPiv) + V (IMP\^u) \approx 0.305, 0.262, and 0.259 for

the three labor outcomes. I use the average of the three values, implying the supply-driven

component of imports from low-income countries is 0.275. This means the effect of trade

exposure on students' choice on STEM majors is 0.275\times \Delta IMP\times \^\beta 2SLS.
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A.2 Beliefs about labor outcomes

Fig. A.1. Frequency distribution before and after increased trade exposure.
Notes: The green and black curves in the figure represent the frequency distribution before and after expe-
riencing a rise in trade exposure,respectively. The left and right panels, respectively, show the better and
worse labor outcomes of STEM majors.
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Fig. A.2. Beliefs about the distribution of labor outcomes (relative wages/job stability).
Note: The black and green curves in the figure represent students' beliefs about the distribution of labor
outcomes before and after accounting for increased trade exposure,respectively.
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A.3 STEM majors and occupations

Fig. A.3. Proportion of bachelor's degrees in STEM fields.

Notes: The data are taken from NCES. Each data point represents the proportion for an academic year

(fall and spring semesters).

Fig. A.4. Geographic distribution of bachelor's degrees in STEM fields awarded in 2003-04 and
2013-14.
Notes: The data are taken from NCES. Bachelor's degrees awarded in 2003-04 and 2013-14 roughly represent
students' choice of major around 2000 and 2010.
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Fig. A.5. Geographic distribution of STEM occupations in 2001 and 2012.
Notes: The data are taken from the Occupational Employment Statistics (OES). For the list of STEM
occupations, please refer to Table A.1.

Fig. A.6. Proportions of STEM majors in STEM occupations.

Note: The data are taken from the nine waves of National Survey of College Graduates (NSCG).
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Table A.2. Proportions of each field in STEM occupations by age

Categories (\%) 23-30 31-40 41-50 51-60

STEM 65.0 60.7 60.5 61.3
Business 10.2 13.1 15.1 14.1
Health professions 1.2 1.2 1.4 1.8
Social sciences 9.0 9.4 8.6 7.4
Education 0.9 1.4 1.7 3.1
Humanities 5.7 6.5 5.8 5.2
Others 8.0 7.8 6.9 7.1

Note: The sample comes from ACS 2009-2017.
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Table A.1. List of STEM occupations

ACS codes Occupation title(s)

110 Computer and information systems managers
300 Architectural and engineering managers
360 Natural science managers
1000, 1110, 1040 Computer and information research scientists; Computer systems analysts; Com-

puter occupations, all others; Computer network architects; Information security
analysts; Web developers

1010 Computer programmers
1020 Software developers, applications, and systems software
1060 Database Administrators
1100 Network and Computer Systems Administrators
1200 Actuaries
1220 Operations Research Analysts
1210, 1230, 1240 Miscellaneous mathematical science occupations, including mathe-

maticians and statisticians
1300 Architects, Except Naval
1310 Surveyors, Cartographers, and Photogrammetrists
1320 Aerospace Engineers
1330, 1340 Biomedical and Agricultural engineers
1350 Chemical Engineers
1360 Civil Engineers
1400 Computer Hardware Engineers
1410 Electrical and Electronics Engineers
1420 Environmental Engineers
1430 Industrial Engineers, including Health and Safety
1440 Marine Engineers and Naval Architects
1450 Materials Engineers
1460 Mechanical Engineers
1500 Petroleum, Mining and Geological Engineers, including Mining Safety Engineers
1510, 1520 Miscellaneous Engineeers including Nuclear Engineers
1540 Drafters
1550 Engineering Technicians, Except Drafters
1560 Surveying and Mapping Technicians
1600 Agricultural and Food Scientists
1610 Biological Scientists
1650 Medical Scientists, and Life Scientists, All Others
1700 Astronomers and Physicists
1710 Atmospheric and Space Scientists
1720 Chemists and Materials Scientists
1740 Environmental Scientists and Geoscientists
1760 Physical Scientists, All Other
1900 Agricultural and Food Science Technicians
1910 Biological Technicians
1920 Chemical Technicians
1940 Nuclear Technicians
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A.4 Trade exposure

Fig. A.7. Geographical distribution of trade exposure at the commuting zone level (specific to
STEM occupations).

Notes: The map shows the difference of trade exposure between 2000 and 2010. The values are in thousands

of US$.
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A.5 Dissection of STEM majors

Table A.3. 2SLS estimates of engineering and non-engineering majors

1st part of college 2nd part of college

Engineering Non-engineering Engineering Non-engineering
(1) (2) (3) (4)

A. \mathrm{N}\mathrm{L}\mathrm{S}\mathrm{Y}97

(Imports from low income
to U.S.)/worker

0.0665\ast \ast 

(2.50)
0.0186
(0.55)

0.0623\ast \ast \ast 

(2.68)
 - 0.0038
( - 0.13)

B. \mathrm{A}\mathrm{C}\mathrm{S}

(Imports from low income
to U.S.)/worker

0.0352\ast \ast \ast 

(4.90)
0.0864\ast \ast \ast 

(5.89)

Notes: The first-part choice of major is included as a control in the specifications of columns
3-4 in panel A. Standard errors are robust to heteroskedasticity and clustered on the c-
zone in each column of panel A. C-zone linear time trend, c-zone 1997 fixed effect, and
cohort fixed effects are included in each column of panel A. Standard errors are robust to
heteroskedasticity and clustered on state of birth for specifications in panel B. State linear
time trend and state of birth fixed effect are included in each column of panel B. t-statistics
are in parentheses. All imports data are in 2007 US$, and values are in thousands. \ast \ast \ast , \ast \ast ,
and \ast show significance at the 1\%, 5\%, and 10\% levels, respectively.
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A.6 Wage differential

Fig. A.8. Wage differential between STEM and non-STEM occupations.
Notes: Potential experience is defined as the number of years after graduation from the first college. Each
data point is derived by using the average of two wage differentials and therefore does not correspond to
an integer value of potential experience. For example, the wage differential that corresponds to 1.5 years
of potential experience is the average value of wage differentials for people with 1 and 2 years of potential
experience. The data are from NLSY97. Respondents in NLSY97 are assigned to ``high (low) import
competition"" if import competition faced by their c-zones is higher (lower) than the median value of import
competition. The observations with the top and bottom 1\% of weekly wages are dropped in case of bias
from extreme values.

53


	Introduction
	Theoretical framework
	First part of college
	Second part of college

	Data
	Empirical strategy
	Measure of trade exposure
	Instrumental variable
	Labor market outcomes
	Econometric specifications

	Results
	Major choice
	Labor market outcomes using CPS
	Labor market outcomes using NLSY97

	Conclusions
	Supply-driven imports
	Beliefs about labor outcomes
	STEM majors and occupations
	Trade exposure
	Dissection of STEM majors
	Wage differential 


