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1 Introduction

Occupations differ along several characteristics such as their pay, degree of routineness, and re-

quired level of education. These differences should lead to heterogeneous responses of occupational

employment levels to technology or international trade shocks. For example, automation is more

likely to replace highly-routine occupations, and an international offshoring relationship with an

unskilled-labor abundant country is more likely to replace low-skilled occupations in the source

country. For the U.S., the greatest trade shock in the last few decades comes from the rise of China

as the world’s largest trader. In influential papers, Autor, Dorn, and Hanson (2013), Acemoglu,

Autor, Dorn, Hanson, and Price (2016), and Pierce and Schott (2016) find a large negative impact

of Chinese import competition on U.S. employment.1 Contributing to this literature, the goal of

this paper is to estimate the impact of the ‘China shock’ on U.S. occupational employment from

2002 to 2014 by distinguishing occupations according to their wage, non-routineness, and education

characteristics.

After sorting about 750 occupations from low to high wage, from routine to non-routine, and

from low to high education, we document the decline in the share of lower-indexed occupations in

total U.S. employment from 2002 to 2014, and an increase in the share of higher-indexed occupations

during the same period. At the industry level, we show that the composition of employment in

the vast majority of our industries changes in favor of higher-indexed occupations. Our empirical

analysis confirms that Chinese import exposure is an important driver of these results, mainly

through its large negative employment impact on lower-indexed occupations.

Following Acemoglu, Autor, Dorn, Hanson, and Price (2016), henceforth AADHP, we construct

industry-level measures of direct, upstream, and downstream import exposure from China. An

industry’s direct import exposure is simply related to the change in the industry’s real imports

from China, while upstream and downstream import exposure take into account input-output

linkages across industries. The upstream measure captures Chinese exposure effects flowing from

affected buying industries to domestic selling industries, while the downstream measure captures

Chinese exposure effects flowing from affected selling industries to their domestic buying industries.

From those industry-level variables, we construct occupation-specific measures of Chinese import

exposure using industry shares of occupational employment as weights.

Our first empirical specification, which ignores occupational sorting, obtains large and negative

1For the 1999-2011 period, Acemoglu, Autor, Dorn, Hanson, and Price (2016) attribute to Chinese import
exposure the loss of about 2.4 million jobs.
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employment effects of Chinese import exposure on U.S. occupational employment. We estimate the

employment effects of direct import exposure, and of two combined measures of import exposure—

the first combined measure adds the direct and upstream exposures, while the second measure adds

the direct, upstream, and downstream exposures. From 2002 to 2014, the predicted employment

losses are 1.05 million jobs from direct exposure, 1.51 million when we consider upstream exposure,

and 2.12 million when we consider downstream exposure. These numbers are well in line with the

employment losses calculated by AADHP from 1999 to 2011 in their industry-level analysis.

Our second empirical specification considers occupational sorting under our three criteria (real

wage, non-routineness, and education). Occupations are arranged into tertiles (low, middle, and

high) under each criteria, and we estimate the impact of Chinese import exposure on each occu-

pational tertile—a regression is individually estimated for each occupation-sorting criteria. Our

estimation obtains a large negative effect of all types of Chinese exposure on lower-indexed (low

wage, routine, low education) occupations, suggesting that a high content of these occupations is

embodied in U.S. imports from China.

Additionally, we obtain a mildly-significant positive employment effect of Chinese direct import

exposure on high-education occupations. These gains are either the result of (i) strong productivity

effects—as described by Grossman and Rossi-Hansberg (2008)—by which firms importing cheaper

inputs from China increase their productivity and market shares, allowing an expansion in occu-

pations that remain inside the firm, or (ii) market share reallocation effects as in Melitz (2003), by

which contracting or dying firms are displaced by more productive firms that hire high-education

workers more intensively, or (iii) a combination of both. The associated employment gains in high-

education occupations are sufficiently large to make up for the employment losses in low-education

occupations.

Our third and last empirical specification investigates the effects of Chinese import exposure

on occupational employment across different sectors. After classifying industries into three sectors

(Chinese-trade exposed, non-exposed tradable, and non-exposed non-tradable), this paper finds

large and negative employment effects of Chinese exposure on lower-indexed occupations across all

sectors, with the exposed sector accounting for 55 to 63 percent of employment losses due to direct

exposure. Although the losses in the exposed sector’s lower-indexed occupations are expected, the

losses in lower-indexed occupations in the non-exposed sector are a novel result. The most likely

explanation of this result is the existence of local-labor-market effects as in Autor, Dorn, and Hanson

(2013) along with a heavy regional concentration of lower-indexed occupations. Importantly, we

find no evidence of Chinese-induced job reallocation of lower-indexed occupations from the exposed
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sector to the non-exposed sector.

The rest of the paper is organized as follows. Section 2 briefly describes the relevant liter-

ature. In section 3 we discuss our data sources, and present a brief overview of the 2002-2014

changes in occupational employment and in our occupation-specific measures of Chinese import

exposure. Section 4 presents our empirical analysis for the impact of Chinese import exposure on

U.S. occupational employment. Lastly, section 5 concludes.

2 Literature Review

As mentioned above, this paper builds on the recent contributions of Autor, Dorn, and Hanson

(2013), AADHP, and Pierce and Schott (2016), who study the impact of the China shock on U.S.

employment. The main difference with those papers is that we use occupational employment data,

which allows us to exploit differences in occupational characteristics to estimate differential effects

of Chinese exposure.2

Related to our focus on occupations, there are papers that link trade exposure to U.S. out-

comes at the occupational level. Ebenstein, Harrison, and McMillan (2015) estimate the impact of

trade exposure on occupational wages using worker-level data from the Current Population Survey

(CPS). Similar to our approach, they construct occupation-specific measures of import penetra-

tion. Also focusing on U.S. wages, Ebenstein, Harrison, McMillan, and Phillips (2014) find that the

negative effects of globalization affect routine occupations the most, and argue—while highlighting

the importance of labor reallocation across sectors and into different occupations—that globaliza-

tion affects wages by pushing workers out of the manufacturing sector to take lower-paying jobs

elsewhere. Using also CPS data, Liu and Trefler (2011) examine the impact of trade in services

with China and India on U.S. unemployment, occupational switching, and earnings. They also find

that routine occupations are the most adversely affected by service imports. Along those lines,

Oldenski (2012) shows that U.S. firms are more likely to offshore routine tasks, while less routine

tasks are more likely to be performed in their U.S. headquarters. More generally, we find that

Chinese import exposure negatively affects employment in lower-indexed occupations whether they

are classified by wage, non-routineness, or education.

Keller and Utar (2016) link Chinese import competition and occupational employment. Using

Danish employer-employee matched data from 1999 to 2009, they show that import competition

2While Pierce and Schott (2016) use the U.S. policy change of granting Permanent Normal Trade Relations
(PNTR) status to China as its measure of the China shock, our empirical analysis uses AADHP’s measure of Chinese
import exposure. However, we are not able to perform a local-labor-market analysis as in AADHP and Autor, Dorn,
and Hanson (2013) because our occupational employment data does not have geographical information.
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from China explains a large part of the increase in job polarization. They document the decline

in employment in mid-wage occupations as well as the rise in employment in both low-wage and

high-wage occupations. They also report that in the process of Danish job polarization there is

substantial worker reallocation from the manufacturing sector to services. In contrast, in this paper

we find that Chinese import exposure reduces employment in low-wage occupations in every sector,

and there is not statistically significant evidence of Chinese-induced job creation in the highest-wage

occupations. Hence, we do not find evidence of Chinese-induced job polarization based on the wage

criterion. We find, however, evidence of strong job destruction in mid-routine occupations in all

sectors, which indicates Chinese-induced polarization under the non-routineness criterion. The last

result points out that the adversely affected mid-routine occupations are more related to low-wage

(and low-education) occupations than to mid-wage occupations.

Under the education criterion, this paper finds that Chinese direct import exposure yields net

employment gains due to large job creation in high-education occupations, which dominates the job

destruction in low-education occupations. Relatedly, Wright (2014) uses manufacturing data and

finds that offshoring—which we interpret as imports of intermediate inputs from China—reduces

low-skill employment but increases high-skill employment, with the net effect being positive. Similar

to our interpretation, he attributes these results to strong productivity effects.

In terms of welfare, Artuç and McLaren (2015) estimate a dynamic structural model using CPS

data and find that an offshoring shock harms low-education workers and benefits high-education

workers. Using Danish data in the estimation of a dynamic model of occupational choice, Traiber-

man (2017) obtains similar evidence for the effects of lower import prices on earnings of low- and

high-education workers. In a similar vein, Lee (2017) uses a multi-country Roy model and finds

that “China effects”—measured by decreases in trade costs with China and increases in China’s

productivity—increase between-educational-type inequality in most of the 32 countries in her sam-

ple.

3 Data and Overview

Our analysis for the impact of Chinese import exposure on U.S. occupational employment relies

on data from several sources. We obtain (i) occupational wage and employment data from the

Occupational Employment Statistics (OES) database of the Bureau of Labor Statistics (BLS), (ii)

data on occupation characteristics from the O*NET database, (iii) data on trade flows from the

United Nations Comtrade database, and (iv) U.S. national and industry data from the Bureau of
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Economic Analysis (BEA).

This section describes the construction of our occupational employment and Chinese import

penetration variables, and provides an overview of their evolution during our period of study (2002-

2014).

3.1 Occupational Employment and Occupation Characteristics

The OES database provides yearly occupational employment and mean hourly wage at the four-digit

NAICS level. Although the classification of occupations changes across years, the BLS provides

concordance tables that allow us to obtain 810 occupations at the six-digit 2010 Standard Occupa-

tional Classification (SOC) for the period 2002-2014. We also aggregate the data to 60 industries

according to a three-digit NAICS classification of the BEA (see Table A.1 in the Appendix for the

list of industries). In the end, our employment-wage data is an industry-occupation panel for years

2002 to 2014.

We construct time-invariant rankings of occupations along three dimensions: from low to high

wage, from routine to non-routine, and from low to high education. For the wage ranking, we first

obtain the average yearly wage of each occupation across all industries (weighted by employment),

and then convert wages to real terms using the BEA’s Personal Consumption Expenditure Price

Index (PCEPI). Lastly, we obtain each occupation’s median real wage throughout the 2002-2014

period, and then rank all occupations from the lowest to the highest median real wage.

The non-routineness and education rankings are based on O*NET data on occupation character-

istics. Based on Costinot, Oldenski, and Rauch (2011), the non-routineness ranking is constructed

from the O*NET’s rating (on a 0 to 100 scale) of the importance of “making decisions and solving

problems” for each occupation. On the other hand, the education ranking is created from the

O*NET’s “job zone” rating (on a 1 to 5 scale) of the level of preparation needed to perform each

occupation.3

Out of 810, we are able to sort 757 occupations using the wage ranking, and 749 occupations

using the non-routineness and education rankings. For illustration and comparison purposes, we

convert the three occupation rankings to percentile ranks—in the (0,1) interval—so that, for ex-

ample, a percentile wage rank of 0.4 for an occupation indicates that 40 percent of occupations

have a lower median wage. Hence, for occupation i, we define wi as its percentile wage rank, qi

3According to the O*NET’s website (https://www.onetonline.org/help/online/zones), occupations in job zone 1
need little or no preparation (some may require high school), occupations in job zone 2 need some preparation (usually
require high school), occupations in job zone 3 need medium preparation (usually require vocational school or an
associate’s degree), occupations in job zone 4 need considerable preparation (usually require a bachelor’s degree), and
occupations in job zone 5 need extensive preparation (usually require a graduate degree).
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as its percentile non-routineness rank, and ei as its percentile education rank. As expected, the

correlation between the three percentile ranks is high and positive: 0.65 between w and q, 0.75

between w and e, and 0.59 between q and e.

Using our three sorting criteria, we can now look at changes in the composition of U.S. occupa-

tional employment during our period of study. Let w̄jt ∈ (0, 1) denote the average real-wage index

of industry j in year t, defined as

w̄jt =
∑
i

(
Lijt
Ljt

)
wi,

where Lijt is the total employment in occupation i in industry j at year t, and Ljt ≡
∑

i Lijt

is total employment in industry j at year t (Lijt/Ljt is the employment share of occupation i in

industry j at year t). Note that an increase in w̄jt indicates a higher employment share of high-

wage occupations in that industry, while the opposite is true for a reduction in w̄jt. With analogous

definitions for q̄jt and ējt—the average non-routineness index and the average education index of

industry j in year t—Figure 1 plots the 2014 values of our three average indexes against their 2002

values for our 60 industries. Most 2014 values are above the 45 degree line for each sorting criteria,

showing a generalized change in the composition of U.S. employment toward higher-indexed (higher

wage, more non-routine, higher education) occupations. These findings are consistent with previous

evidence by Berman, Bound, and Griliches (1994), who similarly reported a shift in employment

towards skilled labor in manufacturing during the 1980s.

In addition, Figure 1 classifies our 60 industries into 16 categories. This allows us to identify

which industries are more intensive in lower-indexed or higher-indexed occupations, and also to

pinpoint similarities and differences across the three indexes. Along the three dimensions, the

industries that are intensive in lower-indexed occupations are Recreation Services, Wholesale/Retail

Trade, Textile/Apparel/Leather, and Food/Tobacco; the industries that are intensive in higher-

indexed occupations are Finance and Media Services; and the industries that are in the middle

of the pack are in general manufacturing industries such as Wood/Furniture/Paper/Print, Metal

Products, Chemical/Petrolatum/Plastic/Rubber, and Machines/Electrical. On the other hand,

Transportation Services is the most non-routine category, and while industries in this category

have in general mid-to-high average real wages, they have low average education indexes.

Reinforcing the point of a generalized change in the composition of U.S. employment toward

higher-indexed occupations, Figure 2 shows the kernel distributions of occupational employment in

2002 and 2014 under our three sorting criteria. Figure 2a shows that the decline in the employment

share of lower-wage occupations occurs up to the 60th percentile, while Figure 2b shows that the
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 Textile/Apparel/Leather

 Machines/Electrical

 Other Manufacturing
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 Utilities/Construction
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Figure 1: Average Industry-Level Composition of U.S. Occupational Employment in 2002 and 2014

decline in the employment share of routine occupations occurs up to the 40th percentile. An

interesting fact from the distributions in Figures 2a and 2b is that they evolved from slightly

bimodal in 2002 to distinctly bimodal in 2014. This shows that polarization in the U.S. labor

market during the 2002-2014 period is mostly the result of an increase in relative employment in

occupations on the right side of the distribution, rather than in occupations on the left side.

From Figure 2c we see that the kernel distribution of occupational employment based on the

education ranking is not as smooth as the distributions based on the wage and non-routineness

rankings. This is simply a consequence of the O*NET “job zone” rating, which clusters in integer

values from 1 to 5 (corresponding to values 0, 0.05, 0.39, 0.66, and 0.85 in the percentile education
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Figure 2: Distribution of U.S. Occupational Employment in 2002 and 2014 (by Sorting Criterion)

rank, e). Nevertheless, the same story emerges: from 2002 to 2014 there has been a change in the

composition of employment in favor of occupations that need a higher level of education.

3.2 Chinese Import Penetration

This section describes our measures of U.S. exposure to Chinese imports. First we discuss the con-

struction of the industry-level measures, and then show how to construct from them the occupation-

specific measures of Chinese import penetration.
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3.2.1 Industry-Level Chinese Import Penetration

We use the industry-level Chinese import penetration variables of AADHP. The differences are our

industry classification, which is based on 60 BEA industries, and our period of study.

AADHP define Chinese import penetration in industry j in year t as the ratio of U.S. industry

j’s real imports from China in year t to industry j’s real domestic absorption in a base year. Taking

2000 as our base year, the Chinese import penetration ratio in industry j in year t is given by

IPjt =
MC

jt

Yj00 +Mj00 −Xj00
, (1)

where MC

jt are U.S. industry j’s real imports from China in year t, Yj00 is industry j’s real gross

output in 2000, Mj00 are industry j’s real total imports in 2000, and Xj00 are industry j’s real

total exports in 2000. Nominal U.S. imports from China come from the United Nations Comtrade

Database, while U.S. industry-level gross output, total exports, and total imports come from the

BEA’s Industry and International Economic Accounts. All nominal values are converted to real

terms using the BEA’s PCE price index.4

AADHP are concerned about U.S. demand shocks possibly driving the increase in U.S. imports

from China. To isolate the supply-driven component of the rise of China’s exports to the U.S.,

AADHP follow Autor, Dorn, and Hanson (2013) and instrument Chinese import penetration in

the U.S. with Chinese exports to other developed economies. Hence, and in line with AADHP, the

instrument for our variable in equation (1) is

IP ∗
jt =

MC∗
jt

Yj00 +Mj00 −Xj00
, (2)

where MC∗
jt is the sum of Chinese exports to Australia, Denmark, Finland, Germany, Japan, New

Zealand, Spain, and Switzerland in industry j at year t. The data on Chinese exports to these

countries is obtained from Comtrade (in nominal U.S. dollars) and is deflated using the PCE price

index.

Chinese import exposure may also affect an industry’s employment indirectly through input-

output linkages. Inspired by Acemoglu, Carvalho, Ozdaglar, and Tahbaz-Salehi (2012), AADHP

define upstream import penetration as the import effects flowing from directly-impacted buying

industries to their domestic supplying industries, and downstream import penetration as the effects

4The Comtrade annual trade data from 2000 to 2014 is at the ten-digit Harmonized System (HS) product level.
We then use the HS-NAICS crosswalk of Pierce and Schott (2012), available up to 2009, to convert the trade data
to six-digit NAICS industries. For 2010 to 2014, we use the Foreign Trade Reference Codes from the U.S. Census
Bureau (available since 2006): we aggregate up to the level of six-digit HS codes and then use a unique mapping
from six-digit HS codes to six-digit NAICS codes. Lastly, we aggregate to the BEA three-digit NAICS classification
described in Table A.1.
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flowing from directly-impacted supplying industries to their domestic buying industries. While

the impact of upstream import exposure on employment is expected to be negative (if buying

industries shrink due to foreign competition, then their domestic providers will sell less and will

shrink too), the impact of downstream import exposure on employment may be positive or negative

(if domestic providers shrink due to foreign competition, then industries may contract due to less

access to domestic inputs, but may also expand due to access to cheaper inputs from abroad). In

this paper we also take into account employment responses to Chinese import exposure due to

first-order upstream and downstream linkages.5

The upstream and downstream import penetration variables are weighted averages of the direct

import penetration variable in equation (1), with weights obtained from the BEA’s 2000 input-

output table.6 Let µgj denote the value of industry j’s output purchased by industry g. Then,

upstream weights are computed as ωU

gj = µgj/
∑

g′ µg′j for every g, where
∑

g′ µg′j is industry j’s

total output value. Therefore, the upstream import penetration from China for industry j is given

by

UIPjt =
∑
g

ωU

gjIPgt. (3)

Likewise, downstream weights for industry j are calculated as ωD

jg = µjg/
∑

g′ µjg′ for every g,

where
∑

g′ µjg′ is the value of industry j’s total purchases; hence, downstream import penetration

from China for industry j is

DIPjt =
∑
g

ωD

jgIPgt. (4)

Using (2), we construct the instruments for UIPjt and DIPjt as UIP ∗
jt =

∑
g ω

U

gjIP
∗
gt and DIP ∗

jt =∑
g ω

D

jgIP
∗
gt.

3.2.2 Occupation-Specific Chinese Import Penetration

Occupations vary in their degree of exposure to Chinese imports. For example, an occupation

that is mainly employed in the computer and electronics industry is more exposed to Chinese

imports than an occupation mainly employed in the real estate industry. To account for this, we

construct occupation-specific measures of Chinese import exposure using the industry-level import

penetration variables from the previous section.

5AADHP also consider higher-order input-output linkages. We abstract from these higher-order effects in this
paper.

6First we obtain the BEA’s Use-of-Commodities-by-Industries input-output table (in producer’s prices) for 71
industries in the year 2000, and then we aggregate it to our 60 industries in Table A.1.
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Similar to Ebenstein, Harrison, and McMillan (2015), the occupation-specific trade variables are

weighted averages of the industry-level trade variables, with weights determined by each industry’s

share in the occupation’s total employment. Using weights from 2002, which is the first year in our

occupational employment data, we define the Chinese import penetration for occupation i as

IPit =
∑
j

(
Lij02
Li02

)
IPjt, (5)

where Lij02 is the employment of occupation i in industry j in 2002, Li02 ≡
∑

j Lij02 is the

total employment in occupation i in 2002, and IPjt is the Chinese import penetration in industry

j in year t as described in (1). As weights may respond endogenously to changes in Chinese

import penetration—which may lead to selection bias in a measure with changing weights—the best

approach in the construction of occupation-specific variables is to use the same weights throughout

our period of study.7 We follow the same formula (and weights) from (5) to construct occupation-

specific upstream and downstream Chinese import penetration variables, UIPit and DIPit, as well

as occupation-specific import penetration instruments, IP ∗
it, UIP

∗
it, and DIP ∗

it.

We can now look at the evolution of occupation-specific variables during our period of study.

For the 671 occupations that report employment in every year, Figure 3 shows the values in 2002

of the direct import penetration, IPit, and the combined import penetration, IPit + UIPit +

DIPit, against their values in 2014. Two of our econometric specifications in section 4 classify

occupations into tertiles (low, middle, high) for each of our sorting criteria (wage, non-routineness,

and education). In line with this, the graphics in the left side of Figure 3 show the same plot of direct

import penetration, but differ in their sorting criteria, while the graphics on the right side do the

same for the combined measure of import exposure. Occupations marked with a circle denote the

lowest-tertile occupations (low wage, routine, low-education), those marked with a square denote

the middle-tertile occupations (mid wage, mid-routine, mid-education), and those marked with a

triangle denote the highest-tertile occupations (high wage, non-routine, high-education).

First, note that the vast majority of occupations are well above the 45 degree line for both types

of Chinese import penetration (direct and combined), indicating extensive occupational exposure

to Chinese imports during the period. For the combined import penetration measure, for example,

7If we allow weights to change, IPit may become irrelevant as a measure of occupation-specific import penetration
due to selection bias. For example, suppose that 95 percent of employment of an occupation is in the computer
industry, and the remaining 5 percent is in the food services industry. If Chinese import exposure depletes that
occupation’s employment in the computer industry but does not affect its employment in the food services industry,
with weights changing to 10 percent in the computer industry and 90 percent in the other industry, the new import
penetration measure for that occupation will likely decline, misleadingly indicating a reduction in that occupation’s
exposure.
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Figure 3: Occupation-Specific Import Penetration Measures in 2002 and 2014 under Three Sorting
Criteria (Wage, Non-routineness, Education): ◦ Lowest tertile, 2 Middle tertile, M Highest tertile
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only six occupations (out of 671) had a decline in Chinese import exposure from 2002 to 2014.

Second, note that across the three sorting criteria and for both measures of import penetration,

lowest-indexed occupations are the most exposed to Chinese import competition, while the highest-

indexed occupations are the least exposed. This highlights the strong heterogeneity in the exposure

of different occupations to Chinese import competition.

3.3 Occupation-Specific Capital Exposure Controls

To control for automation forces, which may substitute workers of some occupations but may

complement workers in other occupations, in our specifications below we include occupation-specific

measures of capital exposure as regressors. Given that changes in capital stock throughout the

period are likely to be endogenous, our time-invariant capital-exposure measures are based on 2002

data, which is the first year in our sample.

From the BEA’s Fixed Assets accounts, we obtain the quantity index for net capital stock by

asset type for each of our industries in 2002. Eden and Gaggl (2015) argue that information and

communication technology (ICT) capital—which is related to software and computer equipment—

is a closer to substitute to routine occupations than non-ICT capital (equipment, structures, and

intellectual property) and suggest to distinguish between them. Following their classification, each

asset is labeled as either ICT capital or non-ICT capital.8 Then, an industry’s ICT capital stock

index is the weighted average of the industry’s ICT-assets quantity indexes, with the weight of

each asset determined by the ratio of the asset’s current-cost value to the total current-cost of ICT

assets in the industry. We follow an analogous procedure to calculate the non-ICT capital stock

index.

Let KI

j02 denote the ICT capital stock index for industry j in 2002, and let KN

j02 denote the non-

ICT capital stock index for industry j in 2002. Hence, similar to the construction of the occupation-

specific import penetration variables in (5), the index of ICT capital exposure for occupation i is

given by

KI

i =
∑
j

(
Lij02
Li02

)
KI

j02, (6)

with a similar definition for KN

i , which is occupation i’s index of non-ICT capital exposure based

on 2002 data.

8The BEA report 96 types of fixed private assets. Following Eden and Gaggl (2015), 23 of them are classified as
ICT capital, and 73 as non-ICT capital.
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4 Responses of U.S. Occupational Employment to Chinese Import
Exposure

This section estimates the effects of Chinese import exposure on U.S. occupational employment.

Given that the effects of import exposure may take some time before they are reflected in employ-

ment, we focus our analysis on a panel with three-year changes. Thus, we use periods 2002-2005,

2005-2008, 2008-2011, and 2011-2014. Following AADHP, we use the operator “∆” to denote

annualized changes times 100 so that for any variable Xit, we define ∆Xit as

∆Xit ≡
100

3
[Xit −Xit−3] .

We refer to ∆Xit as the “annualized change” in X between t− 3 and t.

4.1 Employment Responses without Occupational Sorting

We start by ignoring occupational sorting. Hence, our specification to estimate the average impact

of Chinese import exposure on occupational employment is

∆ lnLit = αt + β∆IPit + γZi + εit, (7)

where for occupation i and between t−3 and t, ∆ lnLit is the annualized change in log employment,

∆IPit is the annualized change in Chinese import exposure, αt is a time fixed effect, and εit is an

error term. For each occupation i, the term Zi is a vector of time-invariant production controls that

includes the 2002 values of the log average real wage, and the log of the ICT and non-ICT capital-

stock indexes (KI

i and KN

i ). Our coefficient of interest is β, which represents the semi-elasticity of

occupational employment to Chinese import exposure.

Table 1 presents the results of the estimation of the specification in (7). All regressions in Table

1, as well as all the following regressions, are weighted by 2002 employment and show standard

errors clustered at the occupation level. Columns 1-3 use as main regressor the annualized change

in direct import penetration as defined in (5), while columns 4 and 5 use instead annualized changes

of combined import penetration measures. The first combined measure adds the direct and up-

stream measures (IPit + UIPit), while the second combined measure adds the direct, upstream,

and downstream measures (IPit+UIPit+DIPit). Consequently, in the instrumental variables (IV)

regressions, the instrument in columns 2-3 is ∆IP ∗
it, the instrument in column 4 is ∆(IP ∗

it+UIP ∗
it),

and the instrument in column 5 is ∆(IP ∗
it + UIP ∗

it +DIP ∗
it).

All the estimates for β in the six columns of Table 1 are negative and statistically significant

at least at the 5 percent level, showing that—as found by Autor, Dorn, and Hanson (2013) at the

14



Table 1: Estimation of U.S. Occupational Employment Responses to Chinese Import Exposure

OLS IV Estimation

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

Direct import exposure -0.97*** -1.91*** -1.16***
(0.34) (0.37) (0.40)

Combined import exposure I -0.83**
(direct + upstream) (0.38)

Combined import exposure II -0.69**
(direct + upstream + downstream) (0.30)

Production controls No No Yes Yes Yes
Observations 2,672 2,672 2,444 2,444 2,444

Notes: All regressions include time fixed effects (not reported) and are weighted by 2002 employ-
ment. Standard errors (in parentheses) are clustered at the occupation level. The coefficients are
statistically significant at the *10%, **5%, or ***1% level.

commuting-zone level and by AADHP at the industry level—Chinese import exposure is associated

with job losses in the United States. Column 1 presents the OLS estimation without production

controls, and column 2 presents the analogous IV estimation. Note that the estimate for β in

column 2 is almost twice as large as the coefficient in column 1, which highlights the importance

of the IV approach to take care of a strong endogeneity bias. Columns 3-5 include production

controls. Comparing columns 2 and 3, notice that the magnitude of the estimate for β declines by

almost 40 percent (the coefficient changes from −1.91 to −1.16), which indicates that the exclusion

of production controls leads to an overestimation of the negative impact of Chinese imports on U.S.

employment.

From column 4, note that the coefficient on import exposure declines in magnitude if we use

instead the combined measure of direct plus upstream import penetration (the coefficient changes

from −1.16 to −0.83). This, however, does not imply that the negative effects of Chinese import

exposure on U.S. occupational employment are smaller when we consider upstream input-output

linkages. To know this, we need to separately calculate the 2002-2014 predicted employment losses

from columns 3 and 4. Following Autor, Dorn, and Hanson (2013) and AADHP, the formula to

calculate column 4’s predicted employment changes from Chinese import exposure from 2002 to

2014 is

Predicted employment change =
∑
i

[
1− e−β̂ρ(IPi14−IPi02)

]
Li14, (8)

where ρ = 0.78 is the partial R−squared from the first-stage regression of ∆IPit on ∆IP ∗
it from the

specification in column 2. We derive a similar expression to calculate column 4’s predicted losses,
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with the value of ρ kept constant at 0.78.

Predicted employment losses from 2002 to 2014 are 1.05 million from direct exposure (column

3) and 1.51 million from the combined direct and upstream exposure (column 4). Therefore,

upstream input-output links further reduce U.S. employment by about 0.46 million jobs. Column 5

adds downstream exposure to the combined measure and reports a smaller estimate for β (−0.69),

but again, we need to calculate predicted employment losses because changes in the combined

exposure measure are likely to be larger. Indeed, column 5’s predicted employment losses from

Chinese exposure are 2.12 million, so that about 0.61 million jobs (2.12 million minus 1.51 million)

are lost due to downstream input-output linkages.9

4.2 Employment Responses with Occupational Sorting

The main contribution of this paper is that we can analyze the effects of Chinese import exposure on

different types of occupations classified by either wage level, degree of non-routineness, or required

education. For each of these criteria, we sort occupations into tertiles (low, middle, and high) using

the percentile ranks described in section 3.1. Thus, the econometric specification with occupational

sorting is

∆ lnLit =

3∑
k=1

[
α

`

kt + β
`

k∆IPit + γ
`

kZi

]
1i{T

`

k}+ εit, (9)

where ` ∈ {w, q, e} denotes the sorting criteria (wage, non-routineness, or education), k ∈ {1, 2, 3}

indicates the tertile (from low to high), 1i{T
`

k} is a dummy variable taking the value of 1 if occu-

pation i belongs to tertile k under criteria `, and α
`

kt accounts for tertile-time fixed effects. This

specification is estimated separately for each sorting criteria. Hence, for each ` ∈ {w, q, e}, the

coefficients of interest are β
`

1, β
`

2, and β
`

3, which indicate the employment semi-elasticity to Chinese

import exposure for each occupational tertile.

Table 2 shows our estimation of (9) for the impact of direct import exposure. Production

controls are included in even columns and excluded in odd columns. All six columns show strong

and highly-significant negative effects of direct Chinese import exposure on the lowest occupational

tertiles (low-wage, routine, low-education occupations). Therefore, Chinese import exposure is

9These predicted losses are well in line with the industry-level numbers reported by AADHP for the period from
1999 to 2011. They calculate direct losses of 0.56 million jobs, and combined direct and upstream losses of 1.58
million jobs. Considering higher-order upstream linkages—which we do not do—the losses increase to 1.98 million.
AADHP do not report losses from downstream linkages because their downstream import exposure coefficients are not
statistically significant. We only use combined measures of import exposure—instead of separately including them
in the regressions as AADHP do—because the correlation between them is very high, which would highly reduce the
precision of our estimation (the correlation is 0.63 between direct and upstream exposures, 0.61 between direct and
downstream exposures, and 0.59 between upstream and downstream exposures).
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Table 2: Estimation of U.S. Occupational Employment Responses to Chinese Direct Import Expo-
sure: By Tertiles based on Three Occupation-Sorting Criteria

Wage Non-routineness Education

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

Direct import exposure
Lowest tertile -2.42*** -1.81*** -2.07*** -1.46*** -2.19*** -1.63***

(0.60) (0.55) (0.52) (0.43) (0.52) (0.50)
Middle tertile 0.14 0.91 -2.73*** -2.25*** -0.78 -0.04

(0.75) (1.01) (0.46) (0.71) (0.87) (1.12)
Highest tertile -0.21 2.35 0.63 3.42 3.40 7.08*

(2.16) (2.64) (1.80) (2.47) (2.85) (4.21)

Production controls No Yes No Yes No Yes
Observations 2,460 2,444 2,660 2,436 2,660 2,436

Notes: All regressions include tertile-time fixed effects (not reported). Standard errors (in parentheses)
are clustered at the occupation level. The coefficients are statistically significant at the *10%, **5%, or
***1% level.

related to job losses in all kinds of lower-indexed occupations, suggesting that a high content of

these types of occupations is embodied in U.S. imports from China. As well, columns 3-4 show

statistically-significant evidence of Chinese-induced job losses in mid-routine occupations.

Under the education-sorting criterion with production controls, column 6 shows a positive and

mildly significant coefficient for the impact of direct import exposure on high-education occupations.

The predicted employment expansion in high-education occupations—while employment declines

in occupations in the lowest tertiles—can be the result of (i) reallocation of workers from low- to

high-education occupations, (ii) strong productivity effects in the presence of complementarities

between low- and high-education occupations, or (iii) Melitz-type reallocation of markets shares

from low-productivity firms to high-productivity firms.

The first scenario is, however, unlikely, as released low-educated workers would have to retool

themselves with college degrees, or a large number of highly-educated workers would have to be

employed in low-education occupations in the first place. Regarding the second scenario, and as

discussed by Grossman and Rossi-Hansberg (2008) and Groizard, Ranjan, and Rodriguez-Lopez

(2014), the offshoring of lower-indexed occupations allows firms to reduce marginal costs (so that

productivity increases), which allows them to set lower prices and capture larger market shares; this

translates to higher employment in occupations that remain inside the firm, with larger employment

gains if there is complementarity across occupations.10 Lastly, the third scenario requires that

10Groizard, Ranjan, and Rodriguez-Lopez (2014) show that the productivity effect is a source of job creation in
offshoring firms even if tasks are substitutable (as long as the elasticity of substitution across tasks is smaller than
the elasticity of substitution across goods), but the effect is stronger if tasks are complementary.
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contracting or dying firms have a disproportionately large share of low-educated workers, while

expanding high-productivity firms either upgrade their labor force or have a disproportionately

large share of highly-educated workers.11 The most plausible mechanism for the results in column

6 is a combination of the second and third scenarios.

Table 3 considers the occupational employment effects of combined import exposure. For both

combined measures, the implications described from direct import exposure on lower-indexed oc-

cupations remain robust: there is Chinese-induced job destruction in low-wage, routine and mid-

routine, and low-education occupations when we consider input-output linkages across industries.

Similar to what we observed in Table 1, the import-exposure estimates decline in magnitude when

we use the combined measures. However, this does not imply smaller employment effects because

changes in the combined import-exposure measures are likely to be larger. To shed light on this, we

need to calculate predicted employment changes for each occupational tertile (under each sorting

criteria) using formulas that are analogous to equation (8).

Table 4 presents the predicted employment changes from Chinese import exposure based on

the regressions with production controls (in the even columns) of Tables 2 and 3, as well as for

other specifications described below. For our three sorting criteria, the first three rows of Table 4

show that predicted employment losses for occupations in the lowest tertile are between 0.6 and

0.8 million due to direct exposure, are between 1.1 and 1.3 million when we consider upstream

links, and further increase to between 1.43 and 1.75 million if we also consider downstream links.

These losses are the main component of the average employment losses reported in the previous

section. In addition, the statistically-significant predicted job losses in mid-routine occupations

range between 0.5 million from direct exposure to about 0.9 million when considering upstream

and downstream linkages.

Column 6 in Table 2 shows a strong positive effect of direct import exposure on high-education

occupations, with the first row of Table 4 showing that the 1.2 million predicted job gains in

high-education occupations more than make up for the 0.8 million job losses in low-education

occupations. However, column 6 of Table 3 shows that the high-education import exposure coef-

ficient loses its statistical significance once we consider input-output linkages (for both combined

measures). Hence, although the second and third row of Table 4 show predicted job gains in high-

education occupations that continue to be larger than job losses in low-education occupations, these

11As mentioned below, Abowd, McKinney, and Vilhuber (2009) show that U.S. firms are more likely to die if they
hire a disproportionately large share of workers from the lowest quartile of the human capital distribution, and are
less likely to die if they disproportionately hire workers from the highest quartile.
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Table 3: Estimation of U.S. Occupational Employment Responses to Chinese Combined Import
Exposure: By Tertiles based on Three Occupation-Sorting Criteria

Wage Non-routineness Education

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

A. Combined import exposure I (direct + upstream)

Lowest tertile -2.00*** -1.47*** -1.69*** -1.16*** -1.72*** -1.19***
(0.46) (0.42) (0.41) (0.35) (0.38) (0.36)

Middle tertile 0.06 0.62 -1.86*** -1.55** -0.24 -0.13
(0.55) (0.77) (0.48) (0.64) (0.78) (0.86)

Highest tertile -0.37 1.76 0.60 3.08 1.64 4.83
(1.62) (2.12) (1.45) (2.08) (2.03) (3.25)

B. Combined import exposure II (direct + upstream + downstream)

Lowest tertile -1.55*** -1.12*** -1.30*** -0.87*** -1.40*** -0.99***
(0.37) (0.34) (0.31) (0.27) (0.32) (0.31)

Middle tertile -0.13 0.17 -1.51** -1.42*** 0.29 -0.09
(0.45) (0.60) (0.59) (0.52) (0.97) (0.65)

Highest tertile -0.36 1.08 0.44 2.17 1.52 3.78
(1.41) (1.70) (1.35) (1.82) (1.83) (2.69)

Production controls No Yes No Yes No Yes
Observations 2,460 2,444 2,660 2,436 2,660 2,436

Notes: All regressions include tertile-time fixed effects (not reported). Standard errors (in parenthe-
ses) are clustered at the occupation level. The coefficients are statistically significant at the *10%,
**5%, or ***1% level.

job gains are no longer statistically significant. Thus, the Chinese-induced positive productivity

effects on U.S. firms occur through direct exposure, and not through input-output linkages.

The results of Tables 2, 3, and the first three rows of Table 4 suggest, not surprisingly, substantial

overlap in the employment losses of low-wage, routine, and low-education occupations. They also

suggest an overlap between mid-routine occupations and low-wage, low-education occupations.

Moreover, although there are always predicted job gains in the highest-tertile occupations along

the three criteria, they are only significant for direct exposure in high-education occupations. This

indicates either that (i) high-education occupations that benefit from Chinese exposure are not

necessarily concentrated in non-routine, high-wage occupations, or that (ii) there is a large fraction

of Chinese-impacted low-education occupations that are non-routine or high-wage, which average

out employment gains in other higher wage and non-routine occupations, or (iii) a combination of

both.
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4.3 Employment Responses by Sector Exposure

The last part of our empirical analysis expands the specification in equation (9) to account for

different impacts of Chinese import exposure across occupational employment in different sectors.

This exercise is motivated by AADHP, who classify industries into three sectors—exposed, non-

exposed tradable, and non-exposed non-tradable—according to industry-level measures of (direct

and upstream) Chinese import exposure, to investigate different sectoral employment responses

within a local-labor-market analysis, as well as to look for evidence of employment reallocation

across sectors.12

As in AADHP, we begin by dividing our 60 industries into three sectors, s ∈ {1, 2, 3}, with

‘1’ denoting the exposed sector, ‘2’ denoting the non-exposed tradable sector, and ‘3’ denoting the

non-exposed non-tradable sector.13 The sectoral econometric specification can then be written as

∆ lnList =
3∑

k=1

[
α

`

kst + β
`

k1∆IPit × 1s{1}+ β
`

k2∆IPit × 1s{2}+ β
`

k3∆IPit × 1s{3}

+γ
`

ksZis

]
1i{T

`

k}+ εist, (10)

where, between t− 3 and t, ∆ lnList is the annualized change in log employment of occupation i in

sector s, ∆IPit is the annualized change in Chinese import exposure of occupation i, and Zis is a

vector of time-invariant production controls of occupation i in sector s.14 Also, 1s{S} is a dummy

variable taking the value of 1 if s ≡ S, for S ∈ {1, 2, 3}, and 1i{T
`

k} is a dummy variable taking

the value of 1 if occupation i belongs to tertile k under sorting criterion ` ∈ {w, q, e}. The term

αkst denotes a tertile-sector-time fixed effect, and εist is the error term.

Table 5 shows the results from the estimation of equation (10) for the impact of Chinese direct

import exposure on U.S. occupational-sectoral employment. Columns 1 and 2 use the occupation-

sorting criterion based on wage, columns 3 and 4 use the non-routineness criterion, and columns

5 and 6 use the education criterion. Regressions in even columns include production controls, and

regressions in odd columns do not include them. Note that each column reports estimates for nine

β-coefficients: one coefficient for each tertile (low, middle, high) in each of the three sectors.

12Within local labor markets, AADHP find that from 1991 to 2011, U.S. employment loses due to Chinese import
exposure were concentrated in the exposed sector, and find no evidence of employment reallocation toward the other
sectors.

13Following AADHP, we classify industries into exposed and non-exposed sectors based on industry-level direct
and upstream import penetration measures. First we calculate the change in each type of import penetration from
2002 to 2014, and then we classify as exposed those industries whose import penetration changes are equal or above
the mean for at least one of the measures. Similar to AADHP, tradable industries are those in agriculture, forestry,
fishing, mining, and manufacturing.

14Note that production controls are at the occupation-sectoral level, so that we allow for an occupation i to be
subject to different wages and capital exposures across sectors.
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Table 5: Estimation of U.S. Occupational Employment Responses to Chinese Direct Import Expo-
sure: By Sector Exposure under Three Occupation-Sorting Criteria

Wage Non-routineness Education

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

Direct import exposure
Exposed
Lowest tertile -2.33*** -1.47*** -1.77*** -1.07** -2.21*** -1.21***

(0.67) (0.57) (0.62) (0.46) (0.58) (0.45)
Middle tertile 0.01 0.87 -2.66*** -1.54** 0.01 0.38

(1.06) (0.98) (0.57) (0.75) (1.22) (1.27)
Highest tertile 15.13 24.50 11.72 21.90 30.00 41.69

(15.94) (22.57) (13.30) (19.75) (25.57) (32.86)
Non-exposed tradable
Lowest tertile -1.42*** -1.00*** -1.28*** -0.88*** -1.41*** -1.00***

(0.26) (0.23) (0.24) (0.24) (0.24) (0.21)
Middle tertile 1.15 2.55* -1.96*** -1.55*** 2.31* 2.35*

(1.08) (1.35) (0.63) (0.58) (1.34) (1.30)
Highest tertile 0.94 0.60 2.17** 2.47* 2.60 2.40

(1.31) (1.52) (1.09) (1.31) (2.51) (2.38)
Non-exposed non-tradable
Lowest tertile -2.55* -2.50* -2.13** -0.95 -2.42* -1.81

(1.33) (1.31) (1.04) (0.99) (1.26) (1.16)
Middle tertile 2.08 1.67 -4.22*** -3.46*** -0.63 -0.31

(1.51) (1.39) (1.29) (1.14) (1.40) (1.30)
Highest tertile -2.08 -0.98 1.73 2.18 -1.11 1.13

(1.66) (1.50) (2.08) (1.93) (1.97) (1.67)

Production controls No Yes No Yes No Yes
Observations 5,372 5,273 5,581 5,253 5,581 5,253

Notes: All regressions include tertile-sector-time fixed effects (not reported). Standard errors (in parentheses)
are clustered at the occupation level. The coefficients are statistically significant at the *10%, **5%, or ***1%
level.

For the exposed sector, Table 5 shows that direct import exposure has negative and statistically

significant effects in lower-indexed occupations under the three criteria, as well as on mid-routine

occupations. Indeed, the job destruction effect on mid-routine occupations is larger in magnitude

than the impact on the highly-routine (lowest tertile) occupations, which suggests that an important

fraction of mid-routine occupations are low wage and low education. In contrast, although there

are large and positive coefficients for the higher-indexed occupations, none of them is statistically

significant.

The non-exposed tradable sector also has statistically significant job destruction in lower-

indexed (under the three criteria) and mid-routine occupations, but also shows mildly significant

evidence of job creation in mid-wage, mid-education, and highly non-routine occupations. The

implied job destruction in a non-exposed sector is likely a consequence of local labor market effects,
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as described by Autor, Dorn, and Hanson (2013). The result that these job destruction effects

of direct exposure happen in the same types of occupations as in the exposed sector, indicates a

heavy regional concentration of lower-indexed occupations.15 On the other hand, the implied job

creation in mid-wage, mid-education, highly non-routine occupations is evidence of job reallocation

from negatively affected lower-indexed occupations; that is, some released workers are able to find

better jobs in more sophisticated occupations.

The coefficients for the non-exposed non-tradable sector in Table 5 also show evidence of job

destruction in lower-indexed and mid-routine occupations, which also points out toward the exis-

tence of local labor market effects under heavy regional concentration of lower-indexed occupations.

Note, however, that the coefficients for the lower-indexed occupations under the non-routineness

and education criteria lose their statistical significance once production controls are added to the

regressions. Moreover, and in contrast to the findings for the non-exposed tradable sector, there is

no evidence of job reallocation from occupations with shrinking employment to occupations in the

non-exposed non-tradable sector.16

Table 6 considers the combined measures of Chinese import exposure. Panel A shows the

estimation results that use the measure that adds upstream linkages, and panel B shows the results

that use the measure that adds upstream and downstream linkages. As before, the magnitudes

of the coefficients are in general smaller when adding input-output linkages, but this is simply a

consequence of the rescaling of the import exposure measure. The results from both panels are

qualitatively similar to those discussed for direct import exposure from Table 5, though our previous

findings for the non-exposed non-tradable sector become largely insignificant.

The only novelty for the non-exposed non-tradable sector comes from significant and negative

import-exposure coefficients for high-wage occupations in both panels, which indicates Chinese-

induced job destruction in high-wage occupations in this sector. This may be evidence of job

reallocation of high-wage occupations from the non-exposed to the exposed sector, with the latter

sector demanding more high-wage workers due to productivity effects. However, the evidence is not

conclusive because in spite of very large and positive coefficients for high-wage occupations in the

exposed sector (indicating a large expansion in these occupations’ employment), they have large

standard errors and are not statistically significant.

15Unfortunately, we cannot directly verify this explanation because our occupational employment data does not
contain geographical information.

16Ebenstein, Harrison, and McMillan (2015) find evidence of job reallocation of high-wage workers in the manu-
facturing sector to lower-wage jobs in non-manufacturing. In contrast, we do not find evidence of Chinese-induced
job destruction in high-wage occupations (nor in non-routine or high-education occupations) in the exposed sector,
which includes most manufacturing industries.
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Table 6: Estimation of U.S. Occupational Employment Responses to Chinese Combined Import
Exposure: By Sector Exposure under Three Occupation-Sorting Criteria

Wage Non-routineness Education

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

A. Combined import exposure I (direct + upstream)

Exposed
Lowest tertile -1.90*** -1.18*** -1.26*** -0.72* -1.73*** -0.90***

(0.51) (0.44) (0.46) (0.38) (0.43) (0.34)
Middle tertile 0.18 0.85 -1.96*** -1.01 0.19 0.54

(0.82) (0.84) (0.49) (0.69) (0.88) (0.94)
Highest tertile 14.47 21.77 10.92 19.12 26.31 33.97

(13.68) (17.88) (11.52) (16.00) (20.04) (23.43)
Non-exposed tradable

Lowest tertile -1.21*** -0.86*** -1.09*** -0.75*** -1.16*** -0.82***
(0.23) (0.21) (0.22) (0.22) (0.21) (0.20)

Middle tertile 1.37* 2.32** -1.26** -0.90 1.86* 1.90*
(0.82) (0.95) (0.56) (0.55) (1.08) (1.06)

Highest tertile 1.12 0.89 1.93** 2.21** 2.76* 2.48
(0.98) (1.14) (0.84) (1.00) (1.63) (1.61)

Non-exposed non-tradable
Lowest tertile -1.44 -1.18 -2.22** -1.22 -1.15 -0.38

(1.39) (1.37) (1.03) (0.98) (1.32) (1.28)
Middle tertile 0.64 0.49 -3.02* -1.60 -1.30 -0.99

(1.15) (1.14) (1.59) (1.64) (1.11) (1.07)
Highest tertile -2.81** -1.78 1.65 2.52 -2.25 -0.58

(1.35) (1.21) (2.02) (2.03) (1.69) (1.47)

B. Combined import exposure II (direct + upstream + downstream)

Exposed
Lowest tertile -1.70*** -1.18*** -1.14*** -0.74** -1.54*** -0.92***

(0.48) (0.44) (0.41) (0.34) (0.40) (0.33)
Middle tertile 0.08 0.58 -1.70*** -0.99* 0.06 0.27

(0.67) (0.68) (0.43) (0.57) (0.72) (0.75)
Highest tertile 11.62 17.18 8.83 15.18 21.96 27.96

(11.27) (14.49) (9.62) (13.20) (16.97) (19.57)
Non-exposed tradable

Lowest tertile -0.93*** -0.68*** -0.82*** -0.59*** -0.89*** -0.64***
(0.19) (0.17) (0.19) (0.19) (0.17) (0.17)

Middle tertile 1.22* 1.93** -0.99** -0.72 1.56* 1.55*
(0.71) (0.81) (0.44) (0.44) (0.86) (0.85)

Highest tertile 1.20 1.02 1.85*** 2.10*** 2.25* 2.05
(0.79) (0.93) (0.61) (0.77) (1.32) (1.29)

Non-exposed non-tradable
Lowest tertile 0.20 0.24 -0.82 -0.32 -0.31 0.12

(1.39) (1.41) (0.72) (0.78) (1.25) (1.26)
Middle tertile -0.03 -0.09 -3.29* -1.90 -0.55 -0.38

(1.12) (1.11) (1.69) (1.70) (0.86) (0.88)
Highest tertile -2.53** -1.80* 2.10 2.62 -1.85 -0.70

(1.11) (1.04) (2.32) (2.45) (1.41) (1.26)

Production controls No Yes No Yes No Yes
Observations 5,372 5,273 5,581 5,253 5,581 5,253

Notes: All regressions include tertile-sector-time fixed effects (not reported). Standard errors (in parentheses)
are clustered at the occupation level. The coefficients are statistically significant at the *10%, **5 %, or ***1%
level.
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To gauge the importance of the effects obtained in our occupational-sectoral estimation, the last

nine rows of Table 4 present the 2002-2014 implied employment changes from Tables 5 and 6 for the

specifications including production controls. The predicted changes from direct import exposure

show that the exposed sector accounts for the majority of the employment losses in occupations in

the lowest tertile: the share of the exposed sector in lowest-tertile losses is 55 percent under the

wage criterion, 63 percent under the non-routineness criterion, and 62 percent under the education

criterion. Thus, between 38 and 45 percent of predicted job losses in lower-indexed occupations are

likely the consequence of local-labor-market effects à la Autor, Dorn, and Hanson (2013), which

indicates—given the non-significant employment responses of higher-indexed occupations—that

employment in lower-indexed occupations is heavily concentrated in particular regions.

Although the non-exposed tradable sector has statistically significant employment gains in

mid-wage, mid-education, and highly non-routine occupations, these are relatively small—between

16,000 jobs in mid-education occupations and 25,000 jobs in mid-wage occupations—when com-

pared to predicted changes in the exposed and non-exposed non-tradable sectors. This is the case

because the non-exposed tradable sector is very small, accounting on average for only 2.3 percent

of total employment per year. Thus, although these gains are evidence of job reallocation toward

better occupations, their overall impact is very small.

Across our three sorting criteria, upstream and downstream linkages in occupational exposure

to Chinese imports increase the exposed sector’s job losses in the lowest occupational tertile—

considering both types of linkages, job losses increase 89 percent under the wage criterion, 73

percent under the non-routineness criterion, and 76 percent under the education criterion. Note

that after adding downstream linkages, the significant job losses in high-wage occupations in the

non-exposed non-tradable sector amount to 871,000 jobs (which is larger than the 720,000 job

losses in low-wage occupations in the exposed sector). Although it is possible that this reflects

job reallocation of high-wage occupations from the non-exposed to the exposed sector, the lack of

significance of the large predicted gains in the latter sector does not allow us to reach a precise

interpretation.17

17Note, however, that the statistically significant creation of 1.2 million jobs in high-education occupations reported
in the first row of Table 4 (corresponding to the results from Table 2) present indirect evidence of an active job
reallocation channel toward better occupations.
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5 Conclusion

Chinese import exposure has a differential impact in employment across occupations. After sorting

occupations according to their real wages, degree of non-routineness, and education requirements,

we find that employment losses from occupational-level Chinese import exposure are concentrated

in low-wage, routine, low-education occupations. These losses occur in both Chinese-trade exposed

and non-exposed sectors. Although the result of negative employment effects in the exposed sec-

tor’s lower-indexed occupations is expected—these U.S. occupations would be the most adversely

affected in the influential offshoring models of Feenstra and Hanson (1996) and Grossman and

Rossi-Hansberg (2008)—our finding of employment reductions in lower-indexed occupations in the

non-exposed sectors is novel and does not have a straightforward interpretation.

We argue that the latter result is a consequence of local labor market effects à la Autor, Dorn,

and Hanson (2013), in combination with a heavy concentration of lower-indexed occupations in

particular regions. In support of this interpretation, exploratory analysis conducted by Van Dam

and Ma (2016) using the Chinese import-exposure data of AADHP and Autor, Dorn, and Hanson

(2013) shows that the U.S. areas most affected by the China shock were “less educated, older and

poorer than most of the rest of America.”18

In a related paper, Asquith, Goswami, Neumark, and Rodriguez-Lopez (2017) find that deaths

of establishments account for most of the Chinese-induced job destruction in the United States. In

conjuction with this paper’s findings, this implies that establishments that die due to the China

shock have a larger proportion of workers in lower-indexed occupations than surviving establish-

ments. Although this issue requires further investigation, previous work from Abowd, McKinney,

and Vilhuber (2009) shows evidence in that direction. Using Longitudinal Employer-Household

Dynamics (LEHD) data, they find that firms that employ more workers from the lowest quartile of

the human capital distribution are much more likely to die, while firms that employ workers from

the highest quartile of the distribution are less likely to die.

We also find mild evidence that direct Chinese exposure drives an employment expansion in

high-education occupations. This suggests the existence of productivity effects as in Grossman

and Rossi-Hansberg (2008), by which the replacement of low-wage employment with imports from

China allows U.S. firms to reduce marginal costs and expand their markets shares; consequently,

this leads to higher employment in occupations that remain inside U.S. firms. Another possibility

is the existence of effects à la Melitz (2003), by which low-productivity firms exposed to Chinese

18See http://graphics.wsj.com/china-exposure/ and http://chinashock.info/.
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competition die, with market shares being reallocated toward more productive firms that use high-

education occupations more intensively. Disentangling these effects is another relevant research

topic spanning from our findings.
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