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Abstract

U.S. imports from low-income countries have increased dramatically since 1990, with most
of this growth stemming from rising imports of Chinese goods. We explore the effect of import
competition on U.S. local labor markets that were differentially exposed to the rise of China trade
between 1990 through 2007 due to differences in their initial patterns of industry specialization.
The focus on local labor markets rather than industries as the unit of analysis allows us to an-
alyze a broad set of economic impacts, both within the manufacturing sector and, critically, in
the surrounding labor market. Instrumenting Chinese imports to the U.S. using contemporane-
ous, industry-level Chinese import growth in other high-income countries, we find that increased
exposure of local labor markets to Chinese imports leads to higher unemployment, lower labor
force participation, and reduced wages. The employment reduction is concentrated in manu-
facturing, and explains one-third of the aggregate decline in U.S. manufacturing employment
between 1990 and 2007. Wage declines occur in the broader local labor market and are most
pronounced outside of manufacturing.

Growing import exposure spurs a substantial increase in transfer payments to individuals and
households in the form of unemployment insurance benefits, disability benefits, income support
payments, and in-kind medical benefits. These transfer payments are two orders of magnitude
larger than the corresponding rise in Trade Adjustment Assistance benefits. Nevertheless, trans-
fers fall far short of offsetting the large decline in average household incomes found in local labor
markets that are most heavily exposed to China trade. Our estimates imply that the losses
in economic efficiency from trade-induced increases in the usage of public benefits are, in the
medium run, about one to two-thirds as large as U.S. gains from trade with China.
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1 Introduction

For the last two decades, there has been active debate about the impact of international trade on

U.S. labor markets (Feenstra, 2010). Beginning in the 1990s, the literature developed rapidly, as

economists sought to understand the forces behind rising U.S. wage inequality. While in the 1980s,

trade in the form of foreign outsourcing was associated with modest increases in the wage premium

for skilled manufacturing labor (Feenstra and Hanson, 1999 and 2002), the evidence suggests that

other shocks, including skill biased technical change, played a more important role in the evolution

of the U.S. wage structure in that decade (Katz and Autor, 1999).1

One factor limiting trade’s impact on U.S. labor is that historically, imports from low-wage

countries have been small (Krugman, 2000). Though freer trade with countries at any income level

may affect wages and employment, standard trade theory identifies low-wage countries as a likely

source of disruption to high-wage labor markets (Krugman, 2008). In 1991, low-income countries

accounted for just 2.9% of US manufacturing imports (Table 1).2 However, owing largely to China’s

spectacular economic growth, the situation has changed markedly. In 2000, the low-income-country

share of U.S. imports reached 5.9% and climbed further to 11.7% by 2007, with China accounting

for 91.5% of this import growth over the period. The share of total U.S. spending on Chinese goods

rose from 0.6% in 1991 to 4.6% in 2007 (Figure 1), with an inflection in 2001 when China joined the

World Trade Organization.3 Increased exposure to trade with China and other developing economies

suggests that the labor-market consequences of trade may be larger today than 20 years ago. Yet,

skepticism about the importance of trade for U.S. labor markets persists. Lawrence (2008) and

Edwards and Lawrence (2010), for instance, dismiss a significant role for trade in U.S. wage changes

after 1990.

In this paper, we relate changes in labor-market outcomes from 1990 to 2007 across U.S. local

labor markets to changes in exposure to Chinese import competition. We treat local labor markets

as sub-economies subject to differential trade shocks according to their initial patterns of industry

specialization.4 Commuting zones (CZs), which encompass all metropolitan and non-metropolitan
1The significance of technical change for the U.S. wage structure is a source of continuing debate. See Lemieux

(2006), Autor, Katz, and Kearney (2008), and Autor and Dorn (2010) for recent work.
2We classify countries as low income according to the World Bank definition in 1989, as listed in the Data Appendix.
3In Figure 1, we define import penetration as U.S. imports from China divided by total U.S. expenditure on goods,

measured as U.S. gross output plus U.S. imports minus U.S. exports.
4In related work, Borjas and Ramey (1995) examine how imports of durable manufacturing goods affected wages

across US cities in the 1980s and Michaels (2008) considers whether improvements in U.S. transportation infrastructure
between 1950 and 1970 lead to factor price equalization among rural U.S. counties, consistent with the Heckscher-
Ohlin model. Our approach is closely related to the large literature body of work studying the effects of immigration
on native wages and employment across US states and metropolitan areas. See, e.g., Borjas, Freeman, and Katz
(1997), Borjas (1999), and Card (2001).
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areas in the United States, are logical geographic units for defining local labor markets (Tolbert

and Sizer, 1996; Autor and Dorn, 2010). They differ in their exposure to import competition as

a result of substantial regional variation in the importance of different manufacturing industries

for local employment. In 1990, the share of regional employment hours worked in manufacturing

ranged from 12% for CZs in the bottom tercile to 27% for CZs in the top tercile. Variation in the

overall employment share of manufacturing, however, only explains about a quarter of variation in

the measure of local-labor-market import exposure that we will define below. The main source of

variation in exposure is within-manufacturing specialization in industries subject to different degrees

of import competition. In particular, there is further differentiation according to local-labor-market

reliance on labor-intensive industries, in which China’s comparative advantage is most pronounced

(Amiti and Freund, 2010). By 2007, China accounted for over 40% of US imports in four four-

digit SIC industries (luggage, rubber and plastic footwear, games and toys, and die-cut paperboard)

and over 30% in 28 other industries, including apparel, textile products, furniture, leather goods,

electrical appliances, and jewelry. U.S. production in these goods is concentrated in CZs located in

the Southeast.

The growth in low-income country exports over the time period we examine is driven largely

by China’s transition to a market-oriented economy, which has involved over 150 million workers

migrating from rural areas to cities (Chen, Jin, and Yue, 2010), Chinese industries gaining access

to long banned foreign technologies, capital goods, and intermediate inputs (Hsieh and Klenow,

2009), and multinational enterprises being permitted to operate in the country (Blonigen and Ma,

2010).5 China’s transition has produced a large positive shock to its export supply, with the shock

concentrated in labor-intensive goods. Abetting this shock is China’s accession to the WTO, which

gives the country most-favored nation status among the 153 WTO members (Branstetter and Lardy,

2006). Thus, China’s export growth is the product of internal productivity growth, associated with

the dismantling of central planning, a latent comparative advantage in labor-intensive sectors, and

global changes in trade policy toward China, facilitated by the lowering of its own trade barriers. In

light of the factors driving China’s exports, we instrument for the growth in U.S. imports from China
5While China dominates low-income country exports to the U.S., trade with middle-income nations, such as

Mexico, may also matter for U.S. labor-market outcomes. The North American Free Trade Agreement (1994) and the
Central American Free Trade Agreement (2005) each lowered U.S. barriers to imports from lower-wage economies.
Whereas China’s export growth appears driven by internal conditions and global changes in trade policy toward
the country, export growth in Mexico and Central America appears more strongly related to growth in U.S. import
demand associated with U.S. outsourcing to the region. Consequently, it is more difficult to find exogenous sources
of variation in U.S. imports from Mexico and Central America. In recent work, McLaren and Hakobyan (2010) do
not detect substantial effects of NAFTA on local U.S. labor markets, though they do find effects on wage growth
nationally in exposed industries.
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using Chinese import growth in other high-income markets.6 As alternative estimation strategies,

we measure CZ exposure to import competition using either the imputed labor content of U.S. net

imports from China or U.S. import growth from China as predicted by the gravity model of trade.

These three approaches yield similar results.

In taking regional economies as the unit of analysis, we circumvent the degrees-of-freedom prob-

lem in estimating the labor-market consequences of trade. Because trade shocks play out in general

equilibrium, one needs empirically to map many industry-specific shocks into a small number of

aggregate outcomes. For national labor markets at annual frequencies, one is left with few observa-

tions and many confounding factors. One solution to the degrees-of-freedom problem is to exploit

the general equilibrium relationship between changes in product prices and changes in factor prices,

which allows one to estimate changes in wages for skilled and unskilled labor mandated by industry

trade shocks (e.g., Leamer, 1993; Feenstra and Hanson, 1999; Harrigan, 2000). This approach is

well-grounded in trade theory but is silent on non-wage outcomes, such as employment status or

receipt of government transfers. We relate changes in exposure to low-income-country imports to

changes in CZ wages, employment levels, industry employment shares, unemployment and labor-

force participation rates, and take-up of unemployment, disability, welfare, and other publicly funded

benefits, where we allow impacts to vary by age, gender, and education.

An alternative solution to the degrees-of-freedom problem in estimating the effects of trade shocks

is to treat the industry or occupation as the unit of analysis. This approach is taken in recent work

focusing on U.S. imports from low-income countries, including Bernard, Jensen, and Schott (2006),

who find that over 1977-1997, manufacturing plants more exposed to low-wage-country imports

grew more slowly and were more likely to exit, and Liu and Trefler (2008), who estimate that

over 1996-2006, U.S. outsourcing of services to China and India had minimal effects on changes in

occupation, employment, or earnings for U.S. workers. Ebenstein, Harrison, McMillan, and Phillips

(2010), who like Liu and Trefler (2008) use data from the CPS, find larger effects of trade on

wages, with wages growing more slowly in occupations more exposed to import penetration and to

U.S. multinationals moving production offshore.7 Our approach is complementary to this strand of

literature. In examining regions rather than occupations we adopt a broader definition of skill (i.e.,
6Our identification strategy is related to that used by Verhoogen, Shigeoki, and Wai-Poi (2006), who examine the

impact of import competition from China on Mexico, and Bloom, Draca, and Van Reenen (2009), who consider the
relationship between imports from China and innovation in Europe. See also Auer and Fischer (2008). In work on
the labor market impacts of trade in Brazil, India, and Mexico, Kovak (2011), Topalova (2010), Hanson (2007), and
Chiquiar (2008) also take regional economies as the unit of analysis.

7Related literature examines wage outcomes of trade shocks at the plant level. See Verhoogen (2008) on Mexico,
Amiti and Davis (2009) on Indonesia, and Hummels, Jorgensen, Munch, and Xiang (2010) on Denmark. Harrison,
McLaren, and McMillan (2010) provide a survey of recent literature on trade and labor markets.
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education rather than occupation), but also are able to examine a broader range of outcomes.

If labor is highly mobile across regions, trade may affect workers without its consequences being

identifiable at the regional level. The literature on regional adjustment to labor-market shocks

suggests that mobility responses to innovations in labor demand shocks U.S. cities and states are

typically slow and incomplete (Topel, 1986; Blanchard and Katz, 1992; Glaeser and Gyourko, 2005).8

Mobility is particularly low for non-college workers, who are over-represented in the manufacturing

sector (Bound and Holzer, 2000; Notowidigdo, 2010). It is therefore plausible that the effects of

trade shocks on regional labor market outcomes will be evident over the medium term, and indeed

our analysis does not find significant population adjustments for local labor markets with substantial

exposure to imports.

Our results suggest that the predominant focus of the previous literature on wages misses impor-

tant aspects of labor market adjustments to trade. We find that increased exposure to low-income-

country imports is associated with rising unemployment, decreased labor-force participation, and

increased use of disability and other transfer benefits, as well as with lower wages, in affected local

labor markets. Comparing two CZs over the period of 2000 through 2007, one at the 25th percentile

and the other at the 75th percentile of exposure to Chinese import growth, the CZ at the 75th

percentile would be expected to experience a differential 3.3 percent fall in the number of manufac-

turing employees, a 0.8 percentage point fall in the employment to population rate, a 0.8 percent

fall in mean log weekly earnings, and increases in per capita unemployment, disability, and income

assistance transfer benefits on the order of 1.5 to 2.5 percent. This results indicate that federally

funded transfer programs, such as Social Security Disability Insurance (SSDI), implicitly insure U.S.

workers against trade-related employment shocks. Import exposure also predicts a large but impre-

cisely measured increase in benefits from Trade Adjustment Assistance (TAA), which is the primary

federal program that provides financial support to workers who lose their jobs as a result of foreign

trade. TAA grants are however temporary, whereas most workers who take-up disability receive

SSDI benefits until retirement or death (Autor and Duggan, 2006). For regions affected by Chinese

imports, the estimated dollar increase in per capita SSDI payments is more than forty times as large

as the estimated dollar increase in TAA payments.

To motivate the our analysis, we begin in Section 2 by using a standard model of trade to de-

rive product demand shocks facing local labor markets in the U.S. resulting from export growth
8Bertrand (2004) finds that increased exposure to import competition makes workers’ wages more sensitive to

unemployment rates, suggesting that trade may reduce labor-market frictions. In their analysis of industry adjustment
to trade shocks, Artuc, Chaudhuri, and McLaren (2010) explicitly allow for costs to worker mobility between sectors,
and find that such costs are large empirically.
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in China. Section 3 provides a brief discussion of data sources and measurement. Section 4 pro-

vides our primary OLS and 2SLS estimates of the impact of trade shocks on regional employment

in manufacturing. Section 5 analyzes the consequences of these shocks for regional labor market

aggregates, including unemployment, labor force non-participation, population flows, and earnings

levels. Section 6 expands the inquiry to broader measures of economic adjustment: household income

and receipt of transfer benefits including Social Security retirement and Social Security disability

income, unemployment and Trade Adjustment Allowance payments, and in-kind medical benefits.

Section 7 integrates U.S. exports to China and the factor content of trade into the local labor market

analysis. In Section 8, we provide a rough comparison of the potential consumer gains from trade

with China relative to the deadweight losses associated with trade-induced increases in the use of

public transfer benefits. Surprisingly, these deadweight losses are, in the medium run, of the same

order of magnitude as the consumer gains from trade. Section 9 concludes.

2 Theoretical motivation and empirical approach

How does import competition from China affect the demand for labor in U.S. regions? The most

direct channel is through changes in the demand for goods produced by local labor markets. In this

section, we use the Eaton and Kortum (2002) model of trade to consider how growth in U.S. imports

from China—driven by changes in China’s productivity and trade costs—affects the demand for

goods produced by U.S. regional economies. These product demand shocks motivate our empirical

measure of exposure to import competition as well as our identification strategy.

2.1 Shocks to regional markets

Let the demand for labor in industry j by region i be given by Lij = Ld(wij , Qij), where wij is unit

production costs and Qij is output. For region i, sales to destination market n in industry j are a

function of its technological capability (Tij), unit production costs (wij), and bilateral trade costs

(τnij), as well as expenditure in destination market n for goods of industry j (Xnj). Technological

capability, Tij , is a parameter that determines the position of the distribution of firm productivities

in an industry and region. Using the solution to the Eaton and Kortum (2002) model, region i’s

sales in industry j to destination market n can be written as

Xnij =
Tij(wijτnij)−θ

Φnj
Xnj , (1)

where θ is a parameter describing the dispersion in productivity among firms and Φnj ≡
∑

h Thj(whjτnhj)
−θ

describes the “toughness” of competition in destination market n in industry j, reflecting production
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and trade costs in the locations that supply products to market n. Region i will capture a larger

share of market n’s purchases in industry j when it has high productivity, low production costs, and

low trade costs relative to other suppliers. Define Aij ≡ Tijw−θij to be the cost-adjusted productivity

of region i in industry j. Then, summing over destination markets for region i, its total output in

industry j is

Qij = Aij
∑
n

Xnjτ
−θ
nij

Φnj
. (2)

China will be among the countries with which each U.S. region competes in serving destination

markets. When China’s productivity expands or its foreign trade costs fall, it increases the value of

Φnj in each destination market, diverting product demand away from U.S. regions that also serve

these markets. To show this formally, consider the change in Qij that would result were China

to experience exogenous productivity growth (i.e., an increase in Tcj , where c indexes China) or a

reduction in trade costs, due, say, to China’s accession to the WTO. The direct effect of changes in

China’s productivity and trade costs on Qij is

Q̂ij = −
∑
n

Xnij

Qij

Xncj

Xnj
(Âcj − θτ̂ncj) (3)

where x̂ ≡ d lnx, Xnij/Qij is the share of exports to destination market n in region i’s output in

industry j, and Xncj/Xnj is the share of imports from China in spending by destination market

n in industry j. Equation (3) implies that the fall in region i’s output in industry j is larger the

higher is cost-adjusted productivity growth in China (Âcj) and the larger is the reduction in trade

costs facing China (τ̂ncj), where the impact of these shocks is larger the more dependent region i

is on market n and the more important China is as a source of supply to market n. In applying

equation 3, we will focus on competition that CZs face from China in the U.S. market, thus limiting

the summation above to n = u, that is, to outputs produced and consumed in the United States.

In general equilibrium, changes in China’s productivity and trade costs may also cause wages

and other factor prices to change in the countries with which China competes. These changes in

factor prices, in turn, may cause changes in aggregate spending by countries, as the effects of shocks

to China reverberate through the global economy (Hsieh and Ossa, 2011). Equation (3) thus shows

only the direct effect of shocks to Chinese productivity and trade costs on the demand for output

in region i, ignoring the indirect effects of these changes on factor prices and spending in region

i and in other regions and countries. Our empirical analysis does not assume that these general

equilibrium impacts are zero, however. Instead, we use equation 3 to generate a measure of regional

labor markets’ exposure to shocks to Chinese productivity and trade costs, and then we analyze how

regional labor markets adjust to these shocks along numerous margins.
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2.2 Empirical approach

To consider the effects of shocks to China’s productivity and trade costs on aggregate sales by region

i, we sum equation (3) across industries to obtain:

Q̂i = −
∑
j

Qij
Qi

Xuij

Qij

Xucj

Xuj
(Âcj − θτ̂cj) = −

∑
j

Xuij

Xuj

Xucj(Âcj − θτ̂cj).
Qi

. (4)

This expression motivates our measure of exposure to import competition in U.S. local labor markets.

It says that region i is more exposed to import competition from China when the region accounts

for a larger share of U.S. sales (Xuij/Xuj) in industries in which productivity and trade cost-driven

growth in U.S. imports from China (Xucj(Âcj − θτ̂cj)) is large relative to the region’s total output

(Qi).9

To bring this expression to the data, we employ several proxies for variables that are not directly

observed. Because we lack data on output at the local-labor-market level, we proxy for total regional

output (Qi) using total regional employment (Ei), and we proxy for industry level output by region

using industry employment (Eij). Similarly, because we lack data on the specific destination markets

to which individual U.S. regions export (Xnij), we focus on total sales by each region in industry j

relative to overall U.S. output of j (Xij/Xuj). Hence, we proxy for a region’s share of U.S. sales in

an industry (Xij/Xuj) with a region’s share of U.S. national employment in the industry (Eij/Euj).

Our first measure of local-labor-market exposure to import competition is the weighted average

change in Chinese imports per worker in a region, where imports are apportioned to the region

according to its share of national industry employment:

∆IPWuit =
∑
j

Eijt
Eujt

∆Mucjt

Eit
. (5)

In this expression, Eit is equal to start of period employment (year t) and ∆Mucjt is equal to the

observed change in imports from China by industry between the start and end of the relevant time

period.

A concern for our subsequent estimation is that realized industry imports in equation (5) may

be correlated with industry labor demand shocks. To identify the causal effect of rising Chinese

import exposure (stemming from Chinese TFP gains and falling trade barriers) on U.S. manufac-

turing employment, we employ an instrumental variables strategy that accounts for the potential

endogeneity of U.S. trade exposure. Specifically, we exploit the exogenous component of Chinese
9Notice that in simplifying equation (4), the expression transforms from the weighted projected log change in

imports (as predicted by changes in China’s productivity and trade costs), (Âcj − θτ̂cj), to the weighted change in
projected imports per unit of output, Xucj(Âcj − θτ̂cj)/Qi. In the empirical analysis, we proxy for regional output,
Qi, with regional employment, Ei, which motivates our using the change in imports per worker to measure import
exposure. Assuming that the proxy of employment for output is warranted, this measure, as shown in equation (5),
is fully consistent with equation (4).
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imports that stems from the rising competitiveness of Chinese manufacturers (a supply shock from

the U.S. producer perspective) spurred by China’s lowering of trade barriers, dismantling of central

planning, and accession to the World Trade Organization.

To identify this supply-driven component of Chinese imports, we instrument for growth in Chi-

nese imports to the U.S. using the contemporaneous composition and growth of Chinese imports

in eight other developed countries.10 Specifically, we instrument the measured import exposure

variable ∆IPWuit with a non-U.S. exposure variable ∆IPWoit that is constructed using data on

contemporaneous industry-level growth of Chinese exports to other high-income markets:

∆IPWoit =
∑
j

Eijt−1

Eujt−1
· ∆Mocjt

Eit−1
. (6)

This expression for non-U.S. exposure to Chinese imports differs from the expression in equation (5)

in two respects. First, in place of realized U.S. imports by industry (∆Mucjt), it uses realized imports

from China to other high-income markets (∆Mocjt). Second, in place of start-of-period employment

levels by industry and region, this expression uses employment levels from the prior decade. We

use lagged employment levels because, to the degree that contemporaneous employment by region is

affected by anticipated China trade, the use of lagged employment to apportion predicted Chinese

imports to regions will mitigate this simultaneity bias.

This instrumental variable strategy will identify the Chinese productivity and trade-shock com-

ponent of U.S. import growth if, plausibly, the common within-industry component of rising Chinese

imports to the U.S. and other high-income countries stems from China’s rising comparative advan-

tage and (or) falling trade costs in these sectors. To the degree that demand side factors are not fully

purged by the instrument, they are likely to bias our estimates against finding an adverse effect of

Chinese import exposure on U.S. manufacturing. This attenuation bias would arise because positive

domestic demand shifts for specific goods will typically contribute to both rising Chinese imports

and rising U.S. employment in the relevant sectors.11 It bears note that the distribution of imports

over CZs does not attempt to approximate actual shipments of goods to different locations in the

U.S. Instead, it measures the potential exposure to import competition that local labor markets face.

Equation (5) makes clear that the difference in ∆IPWuit across local labor markets stems en-
10The eight other high-income countries are those that have comparable trade data covering the full sample period:

Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain, and Switzerland.
11In the case of consumer electronics, for example, it appears plausible that rising Chinese imports to the U.S.

and other high-income countries stem from a mixture of increased domestic demand (e.g., for mobile phones) and
improving Chinese TFP (so that components are sourced from China rather than, say, Japan). For this industry, we
are likely to understate the impact that rising Chinese imports would have had on U.S. manufacturing had they arisen
solely from shifts in Chinese supply. Consistent with this logic, we find in unreported results that when we exclude the
computer industry from the sample the estimated impact of import exposure on manufacturing employment becomes
larger.
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tirely from variation in local industry employment structure at the start of period t. This vari-

ation arises from two sources: differential concentration of employment in manufacturing versus

non-manufacturing activities, and specialization in import-intensive industries within local manu-

facturing sectors. Differences in manufacturing employment shares are not a strongly dominating

source of variation, however; the start-of-period manufacturing employment share explains less than

25% of the variation in ∆IPWuit in a simple bivariate regression. In our main specifications, we

will control for the start-of-period manufacturing share within CZs so as to focus on variation in

exposure to Chinese imports stemming from differences in industry mix within local manufacturing

sectors.12

In an appendix, we describe a second approach to measuring supply-drive growth in U.S. imports

from China, Xucj(Âcj−θτ̂cj). Using bilateral trade data at the industry level, we estimate a modified

gravity model of trade controlling for fixed effects at the exporter-product level and at the importer-

product level. We show that the residuals from this regression approximate (Âcj−θτ̂cj), which is the

percentage growth in imports from China due to changes in China’s productivity and foreign trade

costs relative to competing suppliers. In the empirical estimation, we obtain qualitatively similar

results using either imports per worker in equation (5), with the instrument defined as in equation

(6), or using the gravity-based approach. As a third approach, presented in section 7, we replace

the change in imports per worker as defined in equation (5) with the change in the imputed labor

content of U.S. net imports from China, an approach motivated by analyses of the labor market

consequences of trade based on the Heckscher-Ohlin model (Deardorff and Staiger, 1988; Borjas,

Freeman, and Katz, 1997; Burstein and Vogel, 2011).

3 Data sources and measurement

This section provides summary information on our data construction and measurement, with further

details given in the Data Appendix.

We use data from the UN Comrade Database on U.S. imports at the six-digit HS product level.

Due to lags in countries adopting the HS classification, 1991 is the first year for which we can obtain

data across many high-income economies. The first column in Panel A of Table 1 shows the value of

annual U.S. imports from China for the years 1991, 2000, and 2007 (with all values in 2007 USD).
12Concretely, consider two CZs, each with a 20 percent manufacturing employment share in 1990, one of which

manufactures exclusively luggage (SIC 3161) and the other that manufactures only small firearms (SIC 3484). Between
1990 and 2000, the luggage manufacturing industry experienced an increase in Chinese imports of $101,000 per worker
(i.e., ∆Mujt/Ejt = 101k). Imports of Chinese small arms fell by $1,300 per U.S. worker in the same decade. The
∆IPWujt metric will therefore imply that the former CZ experienced a substantial increase in Chinese import exposure
during the 1990s while the latter CZ did not.
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During the sixteen year period from 1991 to 2007, this import value increased by a factor of 12.5,

from 26 billion dollars to 330 billion dollars. For comparison, the second column of Panel A provides

the value of annual U.S. exports to China in 1992, 2000, and 2007. The volume of U.S. exports was

substantially smaller than the volume of imports throughout these years, and the growth of imports

outpaced the growth of exports. The primary change in U.S.-China trade during our sample period

is thus the dramatic increase of U.S. imports.

The third and fourth columns of Panel A summarize the value of imports from Mexico and

Central America, and from a set of 51 low income countries that are mostly located in Africa

and Asia.13 While imports from these countries grew considerably over time, the expansion was

much less dramatic than in the case of Chinese imports. Panel B summarizes trade flows from the

same exporters to a group of eight high-income countries located in Europe, Asia, and the Pacific

(Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain, and Switzerland). Like the

U.S., these countries experienced a dramatic increase in imports from China between 1991 and

2007, and a more modest growth of imports from Mexico and Central America, and from other low-

income countries. We focus on these high-income countries as they are the rich nations for which

disaggregated HS trade data are available back to 1991.

To assess the effect of imports of Chinese goods on local labor markets, we need to define regional

economies in the U.S. Our concept for local labor markets is Commuting Zones (CZs) developed

by Tolbert and Sizer (1996), who used county-level commuting data from the 1990 Census data

to create 741 clusters of counties that are characterized by strong commuting ties within CZs, and

weak commuting ties across CZs. Our analysis includes the 722 CZs that cover the entire mainland

United States (both metropolitan and rural areas).

It is plausible that the effects of Chinese imports will vary across local labor markets in the

U.S. because there is substantial geographic variation in industry specialization. Local economies

that are specialized in industries whose outputs compete with Chinese imports should react more

strongly to the rapid growth of these imports. Our measure for the exposure of local labor markets

to Chinese imports in equation (5) combines trade data with information on local employment in

detailed industries. Information on industry employment structure by CZs, including employment in

397 manufacturing industries, is derived from the County Business Patterns data (see Data Appendix

for details).
13The Mexico/CAFTA area includes Mexico, the Dominican Republic and all Central American countries except

Belize and Panama. The group of other low-income countries includes all countries that are defined as low income by
the World Bank in 1989, except for China. The Data Appendix provides a complete list of these countries.
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Panel A of Appendix Table 1 shows descriptive statistics for ∆IPWujt by time period.14 In

the median commuting zone, the 10-year equivalent growth of Chinese imports amounted to $890

dollars per worker during 1990 through 2000, and to $2,110 dollars per worker during 2000 through

2007, reflecting an acceleration of import growth over time. Appendix Table 1 also documents the

considerable geographic variation in the exposure of local labor markets to Chinese import shocks.

In both time periods, CZs at the 75th percentile of the import exposure variable experienced an

increase in import exposure per worker that was roughly twice as large as that faced by CZs at the

25th percentile. Panel B of the table summarizes changes in import exposure per worker among

the 40 most populous CZs in the United States. These rankings provide evidence for considerable

variation of trade exposure within U.S. regions. For instance, the state of California contained three

CZs in the top quartile of exposure in the 1990s (San Jose, San Diego, and Los Angeles) but also two

CZs in the bottom quartile (Sacramento and Fresno). Relative trade exposure is generally persistent

across the two time periods, with San Jose and Providence being the most exposed and Washington

DC, New Orleans, and Orlando being the least exposed large CZs in both periods.

Most of the empirical analysis studies changes in CZ’s population, employment and wage struc-

ture by education, age, and gender. These variables are constructed based on data from the Census

Integrated Public Use Micro Samples (Ruggles et al. 2004) for the years 1970, 1980, 1990 and 2000,

and the American Community Survey (ACS) for 2006 through 2008. The 1980, 1990 and 2000

Census samples include 5 percent of the U.S. population, while the pooled ACS and 1970 Census

samples include 3 and 1 percent of the population respectively.15 We map these data to CZs using

the matching strategy that is described in detail in Dorn (2009) and that has previously been applied

by Autor and Dorn (2009, 2010) and Smith (2010). We also use data on federal and state transfer

payments to CZ residents. These data were obtained from the Bureau of Economic Analysis and the

Social Security Administration (see Data Appendix for details). Appendix Table 2 provides means

and standard deviations for the main variables.
14In order to put the two periods on a comparable decadal scale, trade growth during 1991 to 2000 and during 2000

to 2007 has been multiplied with the factors 10/9 and 10/7, respectively.
15We use the combined ACS 2006 to 2008 file instead of the ACS 2007 because it provides a larger sample size. The

analysis implicitly treats the 2006 to 2008 data as referring to the year 2007.
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4 The impact of trade shocks on regional manufacturing employ-

ment

Prior to our statistical analysis of the impact of trade shocks on manufacturing employment in local

labor markets, we plot in Figure 2 the relationship between changes in manufacturing employment

as a share of overall working age population within CZs and changes in Chinese import exposure

per worker during 1990-2007.16 The plotted regression models control for CZs’ start-of-period share

of employment in manufacturing so that the import exposure variable captures variation in CZs’

manufacturing industry mix holding constant the manufacturing share. Figure 2a shows that in

the full sample of 722 CZs, there is a pronounced negative relationship between changes in Chinese

import exposure and changes in manufacturing employment within local labor markets. The re-

gression model depicted in Figure 2a weights CZs according to their share in national population in

1990. Nevertheless, the figure reveals that there are a few small CZs with unusually large values of

import exposure growth that affect the regression estimates substantially. Figure 2b plots the same

bivariate relationship for a trimmed sample that suppresses the 15 CZs whose variable values differ

from the sample medians by more than 5 standard deviations. In the trimmed sample, which covers

99.1% of U.S. mainland population, the negative relationship between changes in Chinese import

exposure and changes in local manufacturing employment is larger and clearly visible in the figure,

indicating that a rise of $1,000 per worker in a commuting zone’s exposure to Chinese imports is

associated with a decline in manufacturing employment of approximately one fourth of a percentage

point of working age population. The mean increase in Chinese import exposure during 1990-2007

was about $3,300 per worker. In the estimation, we will use the full sample, addressing outliers

stemming from measurement error through instrumentation.

Our instrumental variable strategy, as outlined in equation (6), identifies the component of U.S.

import growth that is due to Chinese productivity and trade costs. The identifying assumption

underlying this 2SLS strategy is that the common within-industry component of rising Chinese im-

ports to the U.S. and other high-income countries stems from China’s rising comparative advantage

and falling trade costs in these sectors. Figure 3 sketches this two-stage least squares estimation

strategy. Panel A reveals the substantial predictive power of the high-income country instrument for

observed changes in import exposure. A $1,000 predicted increase in import exposure per CZ worker
16Whereas equation (4) has the log change in output as the outcome of interest, we focus on employment, given

the lack of output data for commuting zones. We begin by considering the change in manufacturing employment as
a share of the population as the dependent variable, which differs from the log change in employment by dividing the
change in employment by population rather than by the employment level, a renormalization which confers greater
information about the magnitude of employment changes in CZs.
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corresponds to a $815 increase in observed exposure per CZ worker. Panel B of Figure 3 plots a

reduced form (OLS) regression of the change in manufacturing employment on the instrument. This

figure shows a substantial reduction in manufacturing employment in the CZs facing large increases

in Chinese import exposure. The point estimate implies that a $1,000 supply-driven increase in

per worker exposure to Chinese imports leads to a fall in manufacturing employment by one third

of a percent of working age population. This point estimate is both economically and statistically

significant.

We explore the robustness and interpretation of this result in subsequent tables. Before doing

so, it is worth remarking on two reasons why the 2SLS point estimate in Figure 3 exceeds the

corresponding OLS point estimate in Figure 2. A first is that the 2SLS model isolates the components

of variation in imports that are due to Chinese productivity and trade-cost shocks, which are expected

to reduce employment in import-competing U.S. industries. By contrast, the OLS model uses import

variation stemming from both Chinese supply shocks and U.S. demand shocks, the latter of which

may positively affect U.S. manufacturing employment. We would therefore expect the OLS estimates

to be biased towards zero by simultaneity. The second factor affecting the comparison is that the

2SLS model should reduce attenuation bias due to measurement error in the denominator of the

endogenous variable, CZ employment levels. Indeed, the first stage plot in Figure 3a shows that two

CZs with highest values of ∆IPWuct, whose largest towns are Murray KY and Only IL, respectively,

do not have correspondingly large values for the predicted exposure instrument. With the influence

of these outliers reduced, the data indicate a steeper relationship between Chinese import exposure

and CZ manufacturing employment.17

4.1 2SLS estimates

Table 2 presents detailed estimates of the relationship between Chinese import exposure and U.S.

manufacturing employment. Using the full sample of 722 CZs and weighting each observation by

start of period CZ population, we fit models of the following form:

∆Emit = γt + β1∆IPWuit +X ′itβ2 + ect, (7)

where ∆Emit is the decadal change in the manufacturing employment share of the working age

population in commuting zone i. When estimating this model for the long interval between 1990
17We also experimented with using CZs’ start of period manufacturing employment shares, rather than their lagged

values, when constructing the instrument. In these models, the outliers visible in Figure 2 were present in both the
endogenous variable and the instrument. This suggests that measurement error in employment generates the large
outliers in the endogenous variable, and that the instrument corrects this issue because the measurement error in
employment is not strongly serially correlated over a 10-year interval.
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and 2007, we stack the 10-year equivalent first differences for the two periods, 1990 to 2000 and 2000

to 2007, and include separate time dummies for each decade (in the vector γt). The change in import

exposure ∆IPWuit is instrumented by the variable ∆IPWoit as described above. Because the model

is estimated in first differences, the decade-specific models are equivalent to fixed effects regressions,

while the stacked first difference models are similar to a three-period fixed effects model with slightly

less restrictive assumptions made on the error term.18 Additionally, the vector Xit contains a rich set

controls for CZs’ start-of-decade labor force and demographic composition (detailed below), which

might independently affect manufacturing employment. Standard errors are clustered at the state

level to account for spatial correlations across CZs.

The first two columns of Table 2 estimate equation (7) separately for the 1990-2000 and 2000-2007

periods, and the third column provides stacked first differences estimates. The estimated coefficient

of the import exposure variable is of a similar in magnitude in both time periods and all three

models, underscoring the stability of the statistical relationships.

Over the time period that we examine, U.S. manufacturing experienced a secular decline. One

concern about our analysis is that increased imports from China could be a symptom of this decline

rather than a cause. To verify that our results capture the period-specific effects of exposure to

China trade, and not some long-run common causal factor behind both the fall in manufacturing

employment and the rise in Chinese imports, in the fourth to sixth columns we conduct a falsification

exercise by regressing past changes in the manufacturing employment share on future changes in

import exposure. Column 4 shows the correlation between changes in manufacturing employment

in the 1970s and the change in future import exposure averaged over the 1990s and 2000s, column 5

shows the corresponding correlation for the 1980s, and column 6 provides the results of the stacked

first differences model. These correlations are inconsistently signed and generally small in value.

There is a weak negative relationship between the change in manufacturing employment and future

import exposure in the 1980s; in the prior decade, this relationship is positive.19 We thus see little

evidence that manufacturing declines forecast future increases in imports from China.

In Table 3, we augment the stacked first difference model for the period 1990-2007. In the sec-

ond column, we add a control for the share of manufacturing in a CZ’s start-of-period employment.

This specification further addresses the concern that the China exposure variable may in part be
18Estimating (7) as a fixed-effects regression assumes that the errors are serially uncorrelated, while the first-

differenced specification is more efficient if the errors are a random walk (Wooldridge 2002). Since we use Newey-West
standard errors in all models that are clustered on U.S. state, our estimates should be robust to either error structure.

19The positive relationship in the 1970s likely reflects the fact that low skill, labor intensive manufacturing expanded
in the Southern U.S. in this decade. This type of manufacturing subsequently became highly vulnerable to import
competition from China in the 1990s and 2000s. See for examples Holmes and Stevens (2010).
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picking up an overall trend decline in U.S. manufacturing rather than the component that is due

specifically to differences across manufacturing industries in their exposure to rising Chinese com-

petition. The coefficient estimates in column 2 imply that a CZ with a one percentage point higher

initial manufacturing share experiences a differential manufacturing employment share decline of

0.04 percentage points over the subsequent decade. Not surprisingly, this specification yields smaller

coefficient estimates than the regression model in column 1 that does not directly control for the

initial manufacturing share of local labor markets. Nevertheless, the estimated impact of import

competition on manufacturing employment remains highly significant. The point estimate in column

2 of Table 3 implies that the share of manufacturing employees in the working age population of a

CZ at the 75th percentile of import exposure declined by -0.65 percentage points more than in a CZ

at the 25th percentile between 2000 and 2007.20

Column 3 augments the regression model with geographic dummies for the nine Census divisions.

These dummies, which absorb region-specific trends in the manufacturing employment share, mod-

erately decrease the estimated effect of import exposure on manufacturing employment. Column 4

additionally controls for the start-of-period share of a CZ’s population that has a college education,

the share of population that is foreign born, and the share of working age women that are employed.

These controls leave the main result unaffected.

Column 5 introduces two variables that capture the susceptibility of a CZ’s occupations to

substitution by technology or task offshoring. Both of these variables are based on occupational

task data, which are described in further detail in Autor and Dorn (2010). Routine occupations

are a set of jobs whose tasks follow a set of precisely prescribed rules and procedures which makes

them readily codifiable. This category includes white collar positions whose primary job tasks

involve routine information processing (e.g., accountants and secretaries), and blue collar production

occupations that primarily involve repetitive production and monitoring tasks. If CZs that have

a large start-of-period employment share in routine occupations experience strong displacement of

manufacturing jobs due to automation, one would expect a negative relationship between the routine

share variable and the change in manufacturing share. Indeed, the estimates in column 5 suggest

that the population share in manufacturing falls by about 0.23 percentage points for each additional

percentage point of initial employment in routine occupations.

The offshorability index used in column 5 measures the average degree to which the occupations
20According to Appendix Table 1, the 10-year equivalent growth in import exposure for CZs at the 75th and

25th percentile is 3.11 and 1.60, respectively. The difference in growth of exposure during the period 2000-2007 is
hence (3.11 − 1.60) × 0.7 = 1.06 where the factor 0.7 rescales the 10-year equivalent growth to the 7-year period.
The predicted differential change between the CZs at the 75th and 25th percentile of import exposure is therefore
1.06×−0.610 = −0.65.
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in a commuting zone are potentially offshorable because they require neither proximity to a specific

work-site nor face-to-face contact with U.S. based workers. If offshoring of occupations were a

major driver for the decline in manufacturing within CZs, one would expect a negative relationship

between the offshorability index and the change of the manufacturing employment share. The

estimate in column 5 does not however find a negative or statistically significant association between

occupational offshorability and declines in manufacturing employment.

The fully augmented model in column 6 indicates a significant and sizable negative impact of

increasing import exposure on manufacturing employment. The decline in manufacturing is also

larger in CZs with a greater initial manufacturing employment share, and in local labor markets

where employment is concentrated in routine-task intensive occupations, and is smaller where there

is a larger initial foreign born population. The import exposure measure continues to have a large

and robust effect on manufacturing employment in this specification. We build the remainder of the

empirical analysis on the more detailed specification in column 6 that exploits geographic variation

in import exposure conditional on initial manufacturing share, Census division dummies, and control

variables for basic aspects of initial population and labor force composition.

One concern about our 2SLS estimates is that in some sectors, import demand shocks may be

correlated across countries, undermining the validity of our instrument. To address this concern, in

unreported results we have experimented with dropping industries that one may consider suspect.

During the 2000s, many rich countries experienced housing booms, associated with easy credit,

which may have contributed to similar increases in the demand for construction materials. Using

the specification in column 6 of Table 3 while dropping the steel, flat glass, and cement industries—

inputs in relatively high demand by construction industries—has minimal effect on the coefficient

estimate for import exposure, reducing it from -0.60 to -0.57. Computers are another sector in

which demand shocks may be correlated, owing to common innovations in the use of information

technology. Dropping computers raises the coefficient estimate on import exposure to -0.68. Finally,

one may worry that the results are being driven by a handful of consumer goods industries in which

China has assumed a commanding role. Dropping apparel, footwear, and textiles, for which China

is by far and away the world’s dominate exporter, reduces the import exposure coefficient modestly

to -0.51. In all cases, coefficient estimates remain highly significant. The results thus appear robust

to excluding important individual industries from the estimation.

How do OLS and 2SLS estimates compare for our preferred specification in column 6 of Table 3?

The OLS estimate for this specification, as seen in column 1 of panel A in Appendix Table 4, is -0.171.

OLS is subject to both measurement error in CZ employment levels and simultaneity associated with
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U.S. industry import demand shocks. It is possible to partially separate the importance of these

two sources of bias, both of which tend to push coefficient estimates toward zero. If we measure

the change in import exposure per worker using lagged employment levels (as we do in constructing

the instrument in equation (6)), instead of beginning of period employment (as we do in equation

(5)), the OLS coefficient estimate increases in magnitude from -0.171 to -0.273. It thus appears

that addressing measurement concerns regarding CZ employment may account for one-quarter of

the difference between OLS and 2SLS estimates, with the remaining difference (from -0.273 versus

-0.596) associated with the correction for endogeneity.

4.2 Gravity based estimates

Appendix Table 3 repeats the estimates in Table 3 while replacing the import exposure variable

with the China gravity residual, calculated using bilateral trade data at the industry level as further

detailed in the Theory Appendix. To interpret the scale of this gravity measure, note that a one unit

increase in the gravity measure corresponds to a $1,000 per worker increase in a region’s Chinese

import exposure stemming from a rise in China’s productivity or fall in China’s trade costs. This is

the same scaling used in our import exposure variable in the prior table. The interpretation of the

point estimates in Table 3 and Appendix Table 3 is thus roughly comparable, though since the gravity

residual corresponds to a logarithmic measure of productivity, it is appropriate to exponentiate this

coefficient.

The gravity-based estimates in Appendix Table 3 are in all cases precisely estimated and indicate

significant negative impacts of rising Chinese import exposure on manufacturing employment in local

labor markets. The final column of Appendix Table 3, which contains the full complement of control

variables, finds that a $1,000 per worker increase in a region’s Chinese import exposure reduces

manufacturing employment in the region by 0.29 log points (0.34 percentage points). This effect is

estimated quite precisely (with a t-ratio of 6.7) and is approximately sixty percent as large as the

corresponding 2SLS estimate in the prior table. Thus, despite their differences in construction, the

2SLS and gravity-based approaches provide roughly comparable causal effects estimates, which we

take this as evidence of the robustness of the underlying relationships.

4.3 Benchmarking the impact of Chinese trade exposure on U.S. manufacturing

employment

To gauge the economic magnitude of these effects, we compare the estimated trade-induced reduc-

tion in manufacturing employment with the observed decline in the same time period. Our most
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conservative specification in Table 3 implies that a $1,000 per worker increase in import exposure

reduces manufacturing employment per adult population by 0.596 percentage points and our alter-

native gravity-based estimate in Appendix Table 3 implies a reduction of 0.335 percentage points.

Appendix Table 2 shows that Chinese import exposure rose by $1,140 per worker between 1991 and

2000 and by an additional $2,630 per worker between 2000 and 2007. Applying these values to the

Table 3 and gravity-based point estimates, we calculate that rising Chinese import exposure reduced

U.S. manufacturing employment per population by 0.33 to 0.68 percentage points in the first decade

of our sample and 0.76 to 1.57 percentage points in the second decade of our sample. In compar-

ison, U.S. manufacturing employment per population fell by 2.07 percentage points between 1991

and 2000 and by an additional 2.73 percentage points between 2000 and 2007 (Appendix Table 2).

Hence, we estimate that rising exposure to Chinese import competition explains 16 to 33 percent of

the U.S. manufacturing employment decline between 1991 and 2000, 28 to 57 percent of the decline

between 2000 and 2007, and 23 to 47 percent of the decline between 1991 and 2007. These are

economically sizable effects.

One sense in which these benchmarks may overstate the contribution of rising Chinese imports to

declining U.S. manufacturing employment is that our 2SLS point estimates measure the causal effect

of Chinese supply shocks on U.S. manufacturing whereas the import per worker measure that we em-

ploy in the calculation above refers to the total change in Chinese imports per worker, which includes

both supply and demand forces. If plausibly the demand-driven component of Chinese imports has

a less negative effect on U.S. manufacturing employment than the supply-driven component, our

benchmark may overstate the cumulative adverse effect of rising Chinese import competition on

U.S. manufacturing employment.

To isolate the share of variation in the China import measure that is driven by supply shocks, we

perform in the Theory Appendix a simple decomposition in which we use the relationship between

OLS and 2SLS estimates to calculate the share of the variance in imports per worker that stems from

the exogenous supply-driven component isolated by our instrument, with the remainder attributed

to demand forces. This calculation implies that approximately half (48%) of the observed variation

in rising Chinese import exposure can be attributed to the supply-driven component. Thus, we

more conservatively estimate that Chinese import competition explains 8 to 16 percent of the U.S.

manufacturing employment decline between 1991 and 2000, 14 to 28 percent of the decline between

2000 and 2007, and 11 to 23 percent of the decline over the full period.
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4.4 The importance of non-China trade

The focus of our study on Chinese imports is motivated by the observation that China accounts

for a very large portion of the dramatic recent increase in U.S. imports from low-income countries

(Table 1). Moreover, it is plausible that much of China’s recent trade expansion has been driven by

internal productivity growth and reductions in trade barriers rather than by demand shocks in the

U.S. To consider Chinese imports alongside those of other low, middle, and high-income countries,

Appendix Table 4 compares the impact of growing exposure to Chinese imports on manufacturing

employment in CZs to the effect of exposure to imports from other source countries. The second

column of the table shows that the effect of imports from all low-income countries (China included)

is nearly identical to the effect of imports from China. This suggests that imports from other low-

income countries may have a similar impact on U.S. manufacturing as Chinese imports. Because

the real dollar growth in imports from other low-income countries is an order of magnitude smaller

than the growth in imports from China, their inclusion leaves our substantive conclusions regarding

economic magnitudes unaffected.21

Columns 3 and 4 of the table contain estimates of the impact on U.S. manufacturing employment

of imports from Mexico and Central America. Column 3, which calculates import exposure by adding

imports from Mexico and Central America to those of China, produces nearly identical estimates to

China’s imports alone, reinforcing the idea that trade with China is the driving force behind U.S.

imports from lower wage countries. Column 4, which considers imports from Mexico and Central

America separately from China, produces coefficient estimates that are more erratic. A problem for

this analysis is that Mexico’s U.S. export growth is more associated with its idiosyncratic relationship

with the United States than with an across the board export boom, as has occurred in China.22

Indeed, the OLS estimates in panel A show a positive relationship between increasing exposure to

imports from Mexico and Central America and growth of manufacturing employment in the U.S.

These results are consistent with the interpretation that Mexican exports are driven by rising U.S.

product demand rather than changing conditions in Mexico.

For the same reason, Mexican and Central American exports to other high income countries are

unlikely to be a strong predictor of exports to the U.S. As seen in panel B of Appendix Table 4,

the first-stage results for U.S. imports from Mexico and Central America are relatively weak. The
21Table 1 shows that real Chinese imports to the U.S. increased by 304 billion dollars between 1991 and 2007 versus

38 billion dollars for other low-income countries.
22Unlike China, Mexico has experienced little productivity growth following its market opening which began in the

1980s (Hanson, 2010). Increased exports to the U.S. from Mexico appear largely driven by bilateral trade liberalization
through NAFTA rather than through multilateral trade liberalization under the WTO (Romalis, 2007).
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second stage point estimates, while negative, are therefore difficult to interpret. In related work

that uses data for 1990 and 2000, McLaren and Haboyan (2010) fail to find significant effects of

NAFTA on local U.S. labor markets (though they do detect effects on industry wage growth). The

2SLS estimates in columns 5 for the impact of all middle-income and high-income country imports

on U.S. manufacturing find small and inconsistently signed effects.

On net, the results of this section suggest that the exposure of CZs to growing imports from China

is quantitatively an important determinant of the decline in the share of manufacturing employment

in the working age population that we estimate in Tables 2 and 3. We now expand our focus beyond

manufacturing to study the impacts of China trade shocks on broader labor market outcomes in

CZs.

5 Beyond manufacturing: The effect of trade shocks on local labor

markets

Prior research on the labor market impacts of international trade has primarily focused on employ-

ment and wage effects in manufacturing industries or occupations. This approach is satisfactory if

labor markets are geographically integrated, fully competitive, and in continuous equilibrium such

that a shock to any one manufacturing sector affects the aggregate labor market through only two

channels: (1) directly, via a change in employment in the affected sector; and (2) indirectly, to the

degree that the sector affects aggregate labor demand. This latter channel will in turn move the

competitive wage rate faced by all other sectors, spurring further employment adjustments economy-

wide. If these rather stringent conditions are not satisfied, shocks to local manufacturing employment

may also differentially affect employment, unemployment, and wages in the surrounding local labor

market. We explore the relevance of these local labor market effects in this section, focusing on

impacts in the aggregate labor market and in non-manufacturing specifically.

5.1 Population shifts

We begin in Table 4 by assessing the degree to which import shocks to local manufacturing cause

reallocation of workers across CZs. If this mobility response is large, this would suggest that we are

unlikely to find indirect effects of trade on local labor markets since initial local impacts will rapidly

diffuse across regions. We find no robust evidence, however, that shocks to local manufacturing

lead to substantial changes in population. The regressions in Table 4 are analogous to our earlier

models for the manufacturing employment share except that our dependent variable is the log of
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the working age population ages 16 through 64 in the CZ, calculated using Census IPUMS data for

1990 and 2000 and American Community Survey for 2006 through 2008.

The first set of specifications in panel A, which includes no control variables except a constant

and a time dummy for the 2000-2007 time period, finds a modestly significant negative relationships

between exogenous increases in Chinese import exposure and CZ-level population outflows. Specif-

ically, a $1,000 per worker increase in trade exposure predicts a decline of 0.82 log points in a CZ’s

working-age population, which is concentrated among non-college workers according to columns 2

and 3. This pattern appears to be driven by regional population trends rather than shocks to Chi-

nese imports, however. In specifications that add Census division dummies (panel B)—which are

equivalent to trends in our first-difference model—and in specifications that further include the full

set of controls from Table 3, we find no statistically effect of import shocks on local population size.

This null is found for the overall working age population (column 1), for college and non-college

adults (columns 2 and 3), and for age groups 16 through 34, 35 through 49, and 50 through 64

(columns 4 through 6). In moving from panel A to C, the point estimates on import exposure fall

while the standard errors rise. On net, these estimates suggest that the effect of trade exposure

shocks on population flows is small, though the imprecision of these estimates does not preclude the

possibility of more substantial responses.

The lack of a significant effect of trade exposure on population flows is consistent with at least

three possible interpretations. One is that the import shocks to manufacturing arising from China

trade exposure are too small to affect outcomes of interest in the broader CZ. A second is that

goods markets are sufficiently well integrated nationally such that local labor markets fully adjust

to adverse shocks without any mobility response. This would occur, for example, in the canonical

Heckscher-Ohlin setting if local labor markets were analogous to countries operating within the cone

of diversification in a free trade equilibrium. In that case, factor price equalization would pin down

the wage of labor (and other factors) in all markets simultaneously, and local factor prices would be

independent of local factor demands and supplies. A third possibility is that population adjustments

to local economic shocks are sluggish, potentially because mobility is costly or because factors other

than labor (including house prices, rents, and transfer benefits) bear part of the incidence of adverse

labor demand shocks (Katz and Blanchard, 1991; Glaeser and Gyourko, 2005; Notowidigdo, 2010).

In this third case, we would expect to see local labor market adjustments along margins other than

inter-sectoral or geographic mobility. Our evidence below appears most consistent with this third

interpretation.
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5.2 Employment effects in local labor markets

In Table 5, we explore the effect of import exposure on manufacturing and non-manufacturing

employment, unemployment, and labor force participation among working age adults. The sum of

the first two coefficients in panel A implies that a $1,000 per worker increase in a CZ’s Chinese import

exposure reduces its employment to population rate by 0.77 percentage points. About three-quarters

of that decline is due to the loss in manufacturing employment, but there also appears to be a small,

though not quite statistically significant reduction in non-manufacturing employment. Columns 3

and 4 of panel A shows that slightly more than one-quarter of the reduction in the employment to

population ratio is accounted for by a rise in the unemployment to population rate (0.22 percentage

points) while the remaining three-quarters accrue to labor force non-participation (0.55 percentage

points).23

One mechanism that appears to accommodate the rise in labor force non-participation following

a rise in import exposure is enrollment in the Social Security Disability Insurance (SSDI) program.

This program provides transfer benefits and Medicare coverage to working age adults who are able

to establish that their disabilities preclude gainful employment. The estimate in column 5 of Table

5 suggests that approximately 10 percent (0.08/0.78) of those who exit lose employment following

an import shock are able to obtain federal disability insurance benefits. While this is a substantial

fraction, the number is not implausible. At present, 4.6 percent of adults age 25 to 64 receive SSDI

benefits, and SSDI applications and awards are highly elastic to adverse labor market shocks (Autor

and Duggan, 2003 and 2006).

Subsequent panels of Table 5 report changes in employment status separately by age, educa-

tion, and gender.24 A $1,000 import exposure shock results in a fairly uniform reduction in the

employment-to-population ratio among all three age brackets considered in Table 5 (ages 16-34, 35-

49, and 50-64), though the employment losses are more concentrated in manufacturing among the

young and relatively more concentrated in non-manufacturing among the old. For the oldest group,

84 percent of the decline in employment is accounted for by a rise in non-participation, relative to

71 percent among the prime age group and 68 percent among the younger group. It is likely that

the increase in disability rolls reported in column 5 is strongly concentrated among the older groups

of workers, though we cannot directly test this assumption since the SSDI data are not available to

us separately by age group at the detailed geographic level.
23Note that our unemployment measure is the ratio of unemployed to the working age population, not the ratio

of unemployed to total labor force participants. We denominate by working age population to put the labor force
metrics in common units. In particular: −∆EMP/POP = ∆UNEMP/POP + ∆NILF/POP .

24Non-college adults are those with no education beyond high school.
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While import shocks reduce employment and raise unemployment and non-participation among

both college and non-college adults, these effects tend to be much larger for non-college adults. In

particular, rising import exposure is associated with a loss in non-manufacturing jobs only among

adults with low educational attainment. A possible explanation for this result is that the decline of

manufacturing industries decreases the demand for non-traded services that are typically provided

by low-skilled workers, such as janitorial services, food services, retail services, household services,

or construction. Overall, a $1,000 import exposure shock reduces the employment to population

rate of college and non-college adults by 0.42 and 1.11 percentage points, respectively. For either

group, only about one-fourth of this reduction is accounted for by rising unemployment, with the

remainder accruing to labor force non-participation. The patterns of declining employment and

increasing unemployment and non-participation are similar for males and females.

5.3 Wage effects

In Table 6, we analyze effects of import exposure shocks on CZ mean log wage levels by estimating

the following equation using 2SLS:

∆ lnwct = γt + β1∆IPWuit +X ′itβ2 + eit. (8)

This equation is analogous to the models estimated above except that our dependent variable here is

the mean log weekly earnings in a commuting zone.25 Because this outcome variable is only available

for the employed, and bearing in mind that we have already established that import exposure shocks

reduce employment, the wage estimates must be interpreted with caution. If, plausibly, workers with

comparatively lower ability and earnings are more likely to lose employment in the face of an adverse

shock, the observed change in wages in a CZ will tend to understate the composition-constant change

in wages. This is particularly likely to be relevant for workers with lower education levels, among

whom job losses are concentrated.

Despite the potential for upward bias, Table 6 finds a significant negative effect of import exposure

on average weekly earnings within CZs. A $1,000 per worker increase in a CZ’s exposure to Chinese

imports during a decade is estimated to reduce mean weekly earnings by -0.76 log points. Point

estimates for wage impacts are largely comparable across gender and education groups, though

they are somewhat larger overall for males than for females, with the largest declines found among

college males and non-college females. We do not, however, have sufficient precision to reject the

null hypothesis that the wage impacts are uniform across demographic groups.
25We use the log weekly wage as the outcome variable because it measures the net effect of changes in hours worked

and wages paid per hour.
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In Table 7, we explore wage effects separately for workers employed in manufacturing and non-

manufacturing. To aid interpretation, the upper panel of the table first assesses the effect of import

exposure on employment counts in both sectors. Consistent with the results in Table 3, which explore

the impact of import exposure on the share of the working age population employed in manufac-

turing, Table 7 confirms that import exposure substantially reduces head-counts in manufacturing

employment. A $1,000 rise in a CZ’s import exposure reduces the number of manufacturing workers

in the CZ by -3.13 log points, and this proportional effect is comparable for college and non-college

workers. The estimated employment effect outside of manufacturing is statistically insignificant and,

for college workers, small in magnitude.

The effect of import exposure shocks on mean wages found in panel B in Table 7 is the comple-

ment of the employment effects estimated in panel A. Although import exposure shocks substantially

reduce manufacturing employment, they appear to have no significant effects on mean manufactur-

ing wages in these CZs. This finding mirrors the outcomes of industry-level studies such as Edwards

and Lawrence (2010) or Ebenstein et al. (2010), which observe no negative wage effects of imports

on U.S. workers in import-competing manufacturing industries.26 A possible explanation for this

pattern is that only the most productive workers retain their jobs in manufacturing, thus biasing the

estimates against finding a reduction in manufacturing wages. An alternative possibility, suggested

by the work of Bloom, Draca and van Reenen (2009), is that manufacturing plants react to import

competition by accelerating the pace of technological and organizational innovations that increase

productivity and may raise wages.

Conversely, Chinese import exposure appears to significantly reduce earnings in sectors outside

manufacturing. We estimate that non-manufacturing wages fall by about 0.76 log points for a $1,000

increase in Chinese import exposure per worker. This result is consistent with the hypothesis that

a negative shock to local manufacturing may also reduce the demand for local non-traded services

while increasing the available supply of workers, thus creating downward pressure on wages in this

sector.

On net, the results of this section demonstrate that an increase in the exposure of local U.S.

labor markets to Chinese imports stemming from rising Chinese comparative advantage leads to a

significant decline in employment and wages in these local markets. While we cannot directly observe

the causal channels by which these effects operate, the estimates suggest a variety of partial and

incomplete labor market adjustments. Because total CZ employment falls following a shock to local

manufacturing, we conclude that labor and product markets are not sufficiently tightly integrated to
26An exception to this generalization is McLaren and Hakobyan (2010), who find a wage impact on U.S. industries

exposed to increased competition from Mexico by NAFTA.
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diffuse the shock across the broader regional or national labor market. The fact that manufacturing

wages do not fall along with employment may indicate that manufacturing wages are downwardly

rigid or that our wage estimates are biased towards zero by shifts in employment composition. That

wages fall in non-manufacturing suggests that this sector is subject to a combination of negative

demand shocks—working through reduced demand for non-traded services—and positive shocks to

sectoral labor supply, as workers leaving manufacturing seek jobs outside of that the sector. Overall,

our results suggest that general equilibrium effects are operative within but not across local labor

markets; that is, an adverse demand shock to the manufacturing sector reduces wages in other

sectors locally, but this shock is not fully dissipated either within or across sectors in the greater

(non-local) labor market.

6 Public transfer payments and household incomes

The decline in employment and wages in CZs with growing import exposure is likely to generate

an increase in residents’ demand for public transfer payments. This conjecture is reinforced by the

finding in Table 5 that CZs facing increased import exposure experience a significant rise in federal

disability program (SSDI) recipients. Table 8 studies how a variety of public transfer benefits respond

to changes in CZs’ import exposure. We use data from the BEA Regional Economic Accounts and

from the Social Security Administration’s Annual Statistical Supplement (various years) to measure

transfer payments per capita. Table 8 reports the estimated effect of changes in import exposure

on both the dollar change and log change in individual transfers per capita for total government

transfers and for major subcategories.

The effect of import exposure on transfer payments to CZs is sizable. We estimate that a $1,000

increase in Chinese import exposure leads to a rise in transfer payments of $58 per capita (0.66 log

points in the logarithmic specification). Logically, the largest proportionate increase is found for

Trade Adjustment Assistance benefits (TAA), which are targeted specifically at individuals who lose

employment due to foreign competition.27 Other transfers that are particularly elastic to import

exposure are Unemployment Insurance benefits, Social Security Disability Insurance (SSDI) benefits,

federal income assistance benefits from SSI (Supplemental Security Income), TANF (Temporary

Assistance for Needy Families), and SNAP (Supplemental Nutrition Assistance), which are summed
27TAA payments are observed at the state level and are assigned to CZs in proportion to unemployment payments.

The results of columns 2 and 3 in panel A of Table 8 imply that the growth of TAA benefits is more concentrated
in states with a high import exposure than is the growth of unemployment benefits. This pattern is consistent with
the expectation that TAA benefits primarily respond to import shocks while unemployment benefits also respond to
other labor demand shocks.
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in column 7, and education and training assistance, which comprises various means-tested education

subsidies.

These transfer programs differ substantially in expenditure levels per capita (Appendix Table 2).

For example, the in-kind medical transfer benefit programs, which include Medicare and Medicaid,

spent about $2,500 per adult in 2007, whereas the Social Security retirement and disability insurance

programs transferred about $1,400 and $300 per adult, respectively. Meanwhile, the three federal

income assistance programs combined, SSI, TANF, and SNAP, transferred about as much income

per adult as SSDI. By contrast, average TAA payments amounted to a mere $2 per adult which is

less than 0.05 percentage points of total transfers from governments to individuals according to the

BEA data. The large relative growth of TAA payments in CZs with growing import exposure thus

translates to just a small increase of $0.23 in per adult in benefits for every $1,000 of growth in a

CZ’s per-worker exposure to Chinese imports. Unemployment benefits also contribute only modestly

to the overall increase in transfers. In contrast, the increase in federal transfer spending on SSDI

payments is large and significant, equal to about $8 per $1,000 growth of export exposure. In-kind

medical benefits rise by a substantial $18 per capita, while federal and other income assistance and

retirement benefits account for an additional $11 and $10 in per-adult transfer spending. Not all of

these effects are precisely measured, however.

Overall, Table 8 suggests that through its effects on employment and earnings, rising import

exposure spurs a substantial increase in government transfer payments to citizens in the form of

increased disability, medical, income assistance, and unemployment benefit payments. These transfer

payments vastly exceed the expenses of the TAA program, which specifically targets workers who

lose employment due to import competition. The transfers should not for the most part be counted

as economic losses, of course, since they primarily reflect income redistribution among citizens via

taxation and transfers. However, applying a typical estimate of the deadweight loss of taxation

of around 40 cents on the dollar (Gruber, 2010), the real cost of the transfers spurred by rising

import exposure is not small. In addition, the trade-induced rise in labor force non-participation

documented above should also be counted as a deadweight loss to the degree that workers’ market

wage (prior to the shock) exceeds their value of leisure.

Import exposure shocks may also cause substantial and potentially permanent reductions in

household income and therefore consumption. Table 9 shows that the combination of falling em-

ployment, declining wage levels, and growing transfer payments has measurable impacts on the level

and composition of household incomes in local labor markets exposed to growing Chinese import

competition. The Table 9 estimates, which are performed using data from the Census and American
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Community Survey (rather than the BEA transfer data above), find that a $1,000 increase in a

CZ’s import exposure leads to a fall in CZ average household wage and salary income per working

age adult of 1.57 log points (column 2 of panel A) or about $549 per working age adult and year

(panel B).28 This effect is not only statistically significant but also economically large. To test its

plausibility, we benchmark it against our earlier estimates of the effect of rising import exposure on

employment rates and weekly earnings among the employed.

We begin with employment. The estimates in the first two columns of Table 5 indicate that a

$1,000 per worker increase in a CZ’s import exposure reduces manufacturing and non-manufacturing

employment per population rates by 0.60 and 0.18 percentage points, respectively. Average annual

earnings in these sectors at the mid-point of our sample was $44,233 and $36,142 (expressed in

2007 dollars), implying that a $1,000 increase in trade exposure lowered labor income per capita

among adults by $331 through reduced employment, with four-fifths of that fall due to reduced

manufacturing employment. Turning to wages, the estimates in Table 7 imply that a $1,000 per

worker rise in trade exposure reduced weekly earnings by -0.76 log points among workers employed in

non-manufacturing and (insignificantly) increased weekly earnings by 0.15 log points among workers

employed in manufacturing. The average employment-to-population ratio in the manufacturing and

non-manufacturing sectors was 10.5 percent and 59.2 percent respectively at the mid-point of our

sample (Appendix Table 2). We thus calculate a further reduction in labor earnings of $136 per

capita accruing from reduced weekly earnings among the employed.29 Combining the employment

and earnings margins yields an estimated per adult reduction of $490 per $1,000 increase in trade

exposure, which is very close to the per adult household impact estimate of $493 obtained in Table

9.

Also consistent with the estimates in Table 8, we find that rising transfer income offsets only

a small part of the decline in household earnings. The estimates in column 4 show that a $1,000

increase in a CZ’s import exposure generates a $17 increase in average household transfer income

per working age adult from Social Security and AFDC. Other sources of transfer income, notably

those that do not take the form of unrestricted cash benefits, cannot be observed in the Census

data. However, given an increase in total government transfers of about $58 per person for a $1,000

increase in import exposure according to Table 8, it appears unlikely that the increase in households’

transfer benefits comes anywhere close to offsetting the substantial decline in earnings.
28These estimates use the combined wage and salary income of working-age adults ages 16-64 in each household

divided by the number of working-age adults in the household. Households are weighted by their number of working-
age adults.

29The per-capita earnings impact from reduced wages in non-manufacturing is −0.0076×$36, 142×0.592 = −$163,
and the tiny countervailing effect from higher manufacturing wages is 0.0015× $44, 233× 0.105 = $4.
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7 Exports and the factor content of trade

So far, we have ignored the role of U.S. exports to China in our analysis. There are two reasons

for doing so. First, U.S. exports to China are unlikely to have a strong quantitative impact on

U.S. manufacturing. Reflecting the sizable U.S. trade deficit with China, these exports are less than

one-fifth as large as Chinese imports and have grown only half as rapidly as imports (Table 1).

The second issue is conceptual, concerning the linkage between empirics and theory. The model we

describe in section 2 treats all products as final goods. In practice, many goods are manufactured in

global production chains in which firms produce inputs in one country, export the goods to a second

country for further processing, and so on until the final product is delivered to consumers (Hummels,

Ishii, and Yi, 2001). In many industries, China is the final link in the production chain, owing to its

comparative advantage in labor-intensive assembly, which tends to be the last stage of production

(Feenstra and Hanson, 2005). Hence, goods leaving China are often on their way to final consumers.

China’s place in global production suggests that although our model does not explicitly incorporate

production chains, its characterization of how imports from China affect the demand for U.S. goods

may not be a grave abuse of reality.30 The same is unlikely to hold for U.S. exports to China. Firms

in the United States tend to occupy a position higher up in the production chain. U.S. produced

goods that are destined for China may not be shipped directly to the country. Further, many of the

goods U.S. firms do send to China are inputs for further processing that are ultimately bound not

for China’s consumers but for third markets. Thus, there is likely to be a greater disconnect between

our model and actual trade for the case of U.S. exports to China than for U.S. imports from China.

Despite these qualms, we add US-China exports to our analysis, extending our earlier approach.

We construct net-imports from China by subtracting U.S. exports from U.S. imports by industry.

These net imports are apportioned to geographic regions analogously to our prior import exposure

measure (equation 5):

∆NIPWuit =
∑
j

Eijt
Eujt

∆Mucjt

Eit
−
∑
j

Eijt
Eujt

∆Xcujt

Eit
.

We instrument for the net import measure using two variables: the potential import exposure index
30For a multi-stage version of the Eaton and Kortum (2002), see Yi (2010). While China may be the last link in

global production chains, it does not follow that its contribution to value added is small. Over our sample period,
roughly half of China’s manufacturing exports were by “export processing” plants, which operate in special enterprise
zones (to facilitate the import of inputs) and which export nearly all of their output. The other half of exports are
by plants that produce a larger fraction of the inputs they consume and which sell a larger fraction of their output
on the domestic market. Feenstra and Hanson (2005) estimate that over the period 1997-2002 value added in China
was 36% of total output for export processing plants. Since the share of value added in output among other plants
is almost certainly higher, the 36% figure is a lower bound for China’s value added in its manufacturing shipments
abroad. Consistent with this reasoning, across all sectors in 2004, Koopmans, Powers, Wang, and Wei (2010) estimate
that value added in China accounted for 63% of its gross exports.
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used in prior tables (equation 6) and an analogously constructed potential export exposure measure,

built using observed exports to China by industry from the eight comparison countries previously

used for the potential import exposure measure. As with the potential import exposure measure,

potential U.S. export flows are allocated to CZs according to their industry employment shares.31

The top panel of Table 10 presents estimates. We find that a $1,000 per worker increase in Chinese

net import exposure reduces the manufacturing employment to population ratio by 0.45. This point

estimate is about a quarter smaller and similarly precisely estimated as the earlier estimate in Table

5 that uses gross rather than net import exposure. The point estimate for the impact on employment

to population in non-manufacturing of −0.12 percentage points is also about a quarter smaller than

the analogous estimate in Table 5. However, neither of the non-manufacturing coefficients is precisely

estimated nor statistically significant.

The subsequent columns of Table 10 estimate the impacts of net import exposure on weekly

earnings, transfer income, and household wage income per capita. The estimated effects of net

imports on these outcomes are roughly comparable to our earlier estimates that use gross import

exposure.

Another alternative approach to studying net import effects that potentially circumvents the

conceptual and measurement issues discussed above is to apply the gravity residual measure used

in Appendix Table 3. The virtue of the gravity measure is that it intrinsically captures changes in

the productivity or transport costs of Chinese producers relative to U.S. producers. These relative

changes are in turn the force that gives rise to both Chinese imports and U.S. exports—in other

words, net trade flows.32

Following this logic, panel B of Table 10 estimates gravity-based models for the impact of Chi-

nese trade exposure on the full set of outcomes in panel A. These estimates are in almost all cases

comparable to the 2SLS models in the prior panel, though the precision of the gravity estimates

is typically greater. Column 1 finds that a $1,000 per worker increase in net import exposure to

Chinese trade resulting from rising relative Chinese productivity or falling transport costs reduces

local U.S. manufacturing employment by approximately three-tenths of one percentage point but

has no effect on non-manufacturing employment. Estimated wage effects are insignificant, though
31The mean (and standard deviation) of the decadal growth in net import exposure is is 1.56 (1.67). The first stage

coefficient estimates for the instrumental variables for ∆NIPWuit are 0.70 (s.e. 0.10) for the import instrument and
-0.32 (0.08) for the export instrument.

32If we estimate a 2SLS model with net imports as the endogenous variable and the gravity measure as the in-
strument, the first stage coefficient is 0.55 (s.e. 0.08) and the second stage coefficient is -0.53 (s.e. 0.09), similar to
the coefficient of -0.60 in column 6 of Table 3. We do not tabulate this 2SLS model because we do not believe the
exclusion restriction is valid, as the gravity residual is based on growth in Chinese exports to third countries relative
to growth in U.S. exports.
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the pattern of coefficients is comparable to the 2SLS estimates of Panel A. Finally, we detect a sig-

nificant positive effect of increased Chinese trade exposure on receipt of transfer benefits in CZs and

a significant negative effect on household wage income of CZ residents. Taken together, the Table 10

results suggest that our focus on Chinese imports effectively exploits the economically consequen-

tial and well-identified variation in China trade exposure without compromising the substantive

interpretation of the results.

As a final alternative specification, we use the factor content of U.S. net imports from China

to replace imports per worker. An older literature, based on Heckscher-Ohlin trade theory, models

trade as affecting labor markets through the import of factor services embodied in goods (Deardorff

and Staiger, 1988; Borjas, Freeman, and Katz, 1997). During the first generation of trade and wages

literature in the 1990s, the use of factor contents in labor market analysis sparked considerable

debate over the validity of the approach, as discussed in Krugman (2000), Leamer (2000) and

Feenstra (2010). Recent theoretical work by Burstein and Vogel (2011) derives the relationship

between wages and the labor content of trade by comparing trade in labor services for one skill

group against that in another.

Our data at the CZ level do not permit analysis of the relationship between the relative imports

of labor services and relative wages by worker type. Still, by way of comparison it may be informative

to re-estimate our core regressions using the factor content of trade to measure import exposure in

CZs. In panel C of Table 10, we report results in which we replace the change in imports per worker

with the change in the net import of effective labor services, calculated as,

∆NIPWuit =
∑
j

Eijt
Eujt

Eujt
Vujt
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−
∑
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Eujt

Eujt
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∆Xcujt
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This measure of the labor content of U.S. net imports from China calculates CZ exposure to trade

by imputing labor services embodied in net imports using net imports times employment per dollar

of gross shipments in U.S. industries at the national level (Eujt/Vujt). The implicit assumption is

that the labor intensities of U.S. goods that Chinese imports replace and of U.S. exports to China

are the same as average U.S. industry labor intensity. In reality, we expect that within industries,

imports from China are likely to be products that are relatively labor intensive and exports to China

are likely to be relatively capital intensive. Absent data on product mix within four digit industries

across CZs, however, we are forced to treat industry labor intensity as being uniform among imports,

exports, and domestic shipments. We instrument for the labor content of net imports from China

in a manner analogous to our strategy for net imports in panel A.

The results in column 1 of panel C show that the net import of labor services of one U.S. worker
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displaces 1.47 workers in manufacturing, with the result precisely estimated.33 Consistent with

findings in earlier tables, larger increases in the factor content of net imports is associated with

lower wages in non-manufacturing, higher government transfers to households, and lower household

wage and salary income. Given that U.S. imports from China are far larger than U.S. exports

to China and the likelihood that the U.S. goods that Chinese imports replace are relatively labor

intensive, the factor content results in panel C may over-state the true impact of import exposure

on employment. For this reason, we do not use specifications based on factor contents as our main

results.34

8 Costs from adjustment to imports vs. gains from trade

What do our results imply about overall U.S. gains from trade with China? In theory, such gains

are positive. Trade may lower incomes for workers in industries or regions exposed to import

competition, but gains to consumers from increased product variety (Broda and Weinstein, 2006)

and income growth in industries and regions with expanding exports should ensure that aggregate

gains from trade are greater than zero. Trade may also induce firms to invest more in innovation,

contributing to faster productivity growth (Bloom, Draca, and Van Reenen, 2009). Our finding that

increased exposure to import competition is associated with lower manufacturing employment and

lower wages in exposed local labor markets does not contradict this logic. It just highlights that

trade has distributional consequences.

To establish a benchmark for the gains from trade with China, we utilize the framework in

Arkolakis, Costinot, and Rodriguez-Clare (2010), which yields a simple formula for the gains from

trade that holds under a variety of trade models.35 Consider an increase in U.S. trade barriers that

drives U.S. imports from China to zero. The log change in income that would be needed to keep

income constant given the resulting reduction in trade is(
λ

λ′

)−1/θ

− 1. (9)

33The point estimate in column 1 is -1.03. The factor content of net imports is normalized by CZ employment
(Eit), whereas manufacturing employment in the dependent variable is normalized by CZ population. To interpret
the coefficient it therefore needs to be multiplied by the inverse ratio of CZ employment to CZ population, whose
mean at the mid-point of the sample period is 0.70.

34A further problem with the factor content calculations in Table 10 is that they are based on direct labor usage
by industry and not direct plus indirect usage through industry input-output relationships as consistent with the
Heckscher-Ohlin model (Feenstra, 2004).

35Their approach, which applies to models that have CES import demand and a gravity equation for trade, allows
for heterogeneity in firm productivity and for either perfect or imperfect competition. However, it does employ some
restrictive assumptions, including Dixit-Stiglitz preferences, linear cost functions, one factor of production, complete
specialization, and iceberg transport costs.
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where λ is the initial share of U.S. expenditure on domestic goods, λ′ is the share of expenditure

after the change in trade barriers, and θ is the elasticity of trade with respect to trade costs, which

recent literature suggests lies between -2.5 and -10 (Simonovska and Waugh, 2011). In 2007, one

minus manufacturing imports as a share of U.S. gross output (a rough approximation of the share

of domestic expenditure on domestic goods) equaled 93.9% and China accounted for 10.3% of U.S.

manufacturing imports.36 Assuming that a fall in imports from China would be fully offset by

greater domestic production, the log change in income needed to offset the loss of gains from trade

would be 0.0007 to 0.0027 (depending on the value of θ), equivalent to a change in income of $32 to

$125 per capita.37 If some of the lost imports from China are offset by an increase in imports from

other countries, rather than U.S. production, the $32-$125 range may overstate the range of gains

from trade with China.

One manner in which adjustment to import competition may partly offset these gains from

trade is through the deadweight loss associated with individual take-up of government transfers.

Such a loss is not a distributional consequence of trade but a loss in economic efficiency associated

with U.S. benefit programs. The coefficient estimate on exposure to import competition in the

regression for the change in transfers per capita in column 1 of Table 8 implies that annual per

capita transfers increase by $58 for every $1,000 of additional import exposure per worker. When

applying a confidence interval of plus and minus one standard error around that point estimate, the

growth in exposure to Chinese imports over the period 1991 to 2007 is associated with an increase in

annual transfers receipts of $114 to $218 per capita.38 As in our benchmarks above for manufacturing

employment, we scale this estimate downward by approximately half (52%) so our impact estimate

only incorporates the variation in rising Chinese import exposure that we can confidently attribute

to supply shocks. By this metric, we estimate the increase in annual transfers attributable to rising

Chinese import competition at $55 to $105.

Using Gruber’s (2010) estimate that the deadweight loss from transfers is equal approximately
36Ideally, one would measure the share of domestic expenditure on imports as imports of final goods as a share of

GDP. However, observed imports are contaminated by the presence of intermediate inputs, and among these inputs
are goods manufactured in the United States. Absent measures of final expenditure on the foreign content of goods,
we follow Arkolakis, Costinot and Rodriguez-Clare (2010) in using imports over gross output to measure the share of
domestic expenditure on foreign products.

37In 2007, U.S. income per capita was $46,700.
38According to Appendix Table 2, the 10-year equivalent increase in import exposure (in 1000s of dollars) was 1.14

in the first and 2.63 in the second period of the analysis. A confidence interval of plus and minus one standard error
around the point estimate of column 1 in Table 8 suggests that a $1000 increase in exposure is associated with a
$39 to $76 growth in per-capita transfers, and thus predicts a 10-year equivalent growth of transfers by $45-$87 in
the first and by $104-$201 in the second period. These ten-year equivalent changes correspond to a $41-$78 increase
during the nine-year period 1991-2000 and a $73-$140 increase in the seven-year period 2000-2007 which leads to the
prediction that the increase in per-capita transfers would have been $114-$218 lower had Chinese imports remained
at their near-zero level of 1991.
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to 40% of their value, the increase in transfers resulting from import exposure implies an increase in

deadweight loss over 1991 to 2007 of $22 to $42 per capita, a range of values that is one to two-thirds

as large as the gains from trade with China in 2007 that we computed above based on Arkolakis,

Costinot, and Rodriguez-Clare (2010). Our calculation also excludes the trade-induced rise in labor

force non-participation documented above, which should also be counted as a deadweight loss to the

degree that workers’ market wage (prior to the shock) exceeded their value of leisure. Of course,

the deadweight loss from transfers is not permanent, whereas the gains from trade are. As affected

workers retire or expire, the loss in economic efficiency from transfers they receive as a consequence

of trade with China would dissipate. Nevertheless, it appears in the medium run that losses in

economic efficiency from increased usage of public benefits may offset a substantial fraction of the

gains from trade from China.

9 Conclusion

The value of annual U.S. goods imports from China has increased by a staggering 1,160% from 1991

to 2007. The rapid increase in U.S. exposure to trade with China and other developing economies over

this period suggests that the labor-market consequences of trade may have increased considerably

during the past 20 years. Previous research has studied the effects of imports on manufacturing

firms or employees of manufacturing industries. By analyzing local labor markets that are subject

to differential trade shocks according to initial patterns of industry specialization, this paper extends

the analysis of the consequences of trade beyond wage and employment changes in manufacturing.

Specifically, we relates changes in manufacturing and non-manufacturing employment, earnings, and

transfer payments across U.S. local labor markets to changes in market exposure to Chinese import

competition. While most observed trade flows into the U.S. are the result of both supply and

demand factors, the growth of Chinese exports is largely the result of changes within China: rising

productivity growth, a latent comparative advantage in labor-intensive sectors, and a lowering of

trade barriers. In light of these factors, we instrument for the growth in U.S. imports from China

using Chinese import growth in other high-income markets.

Our analysis finds that exposure to Chinese import competition affects local labor markets along

numerous margins beyond its impact on manufacturing employment. Consistent with standard

theory, growing exposure to Chinese imports reduces manufacturing employment in a local labor

market. More surprisingly, it also triggers a decline in wages that is primarily observed outside of

the manufacturing sector. Reductions in both employment and wage levels lead to a steep drop in
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the average earnings of households.

We also find an important margin of adjustment to trade that the literature has largely over-

looked: rising transfer payments through multiple federal and state programs. Comparing two CZs at

the 75th and 25th percentiles of rising Chinese trade exposure over the period of 2000 through 2007,

we find a differential increase in transfer payments of about $63 per capita in the more exposed

CZ. The largest components of these transfers are federal disability and in-kind medical transfer

payments. Unemployment insurance and income assistance programs also play an important but

secondary role. By contrast, the Trade Adjustment Assistance (TAA) program, which specifically

provides benefits to workers who have been displaced due to trade shocks, accounts for a negligible

part of the trade-induced increase in transfers.

Overall, our study suggests that the rapid increase in U.S. imports of Chinese goods during the

past two decades has had a substantial impact on employment and household incomes, benefits

program enrollments, and transfer payments in local labor markets exposed to increased import

competition. These effects extend far outside the manufacturing sector, and they imply substantial

changes in worker and household welfare. Ongoing work on the present study will provide a more

detailed discussion of the magnitude of these effects, further explore the operative causal channels,

and extend the analysis of both the implied costs and consumer benefits that simultaneously accrue

from trade.
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Theory appendix

Variance decomposition of Chinese imports into supply and demand components

To decompose the share of the variance in Chinese imports that is accounted for my supply ver-

sus demand-driven components, we use the following procedure. We rewrite the OLS estimating

equation above (7)for the effect of import exposure on manufacturing employment (and suppressing

covariates):
∆Emit = γt + β∆IPWuit + ect. (10)

Estimated by OLS, this equation recovers:

β̂OLS =
σMI

σ2
I

,

where σ2
I is the variance of the observed changes in Chinese import exposure per worker and σMI

is the covariance of this measure with CZ-level changes in manufacturing employment. Similarly,

2SLS estimates of equation (10) recover

β̂2SLS =
σMIIV

σ2
IIV

,

where the subscript IIV is the variation in the import exposure measure isolated by the instrumental

variables estimator.

To perform the variance decomposition, we use the fact that the instrumental variables estimator

partitions the observed variation in ∆IPW into an exogenous component and a residual:

∆IPW = ∆IPWIV + ∆IPWe.

We can therefore rewrite β̂OLS as

β̂OLS =
σMIIV

+ σMIe

σ2
IIV

+ σ2
Ie

,

where we make use of the fact that ∆IPWIV and ∆IPWe are orthogonal by construction. Substi-

tuting further, we obtain:

β̂OLS = β̂IV ×
σ2
IIV

σ2
IIV

+ σ2
Ie

+ β̂e ×
σ2
Ie

σ2
IIV

+ σ2
Ie

. (11)

This equation highlights that the OLS estimate is a convex combination of the coefficient on the

import-driven component, β̂IV , and the coefficient on the residual (demand-driven) component,

where the weights given to the two components are equal to the fraction of the total variance in

import exposure explained by each.

Equation (11) suggests that a logical quantity to use for benchmarking the total impact of supply-

driven Chinese import shocks on U.S. employment is the product of β̂IV × σ2
IIV

/
(
σ2
IIV

+ σ2
Ie

)
and
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the observed change in Chinese import exposure ∆IPW . This quantity is equal to the causal effect

of a supply-driven unit increase in Chinese import exposure scaled by the total change in exposure,

discounted by the fraction of the variance in exposure driven by the supply component.

This rescaling is readily implemented. Specifically, we obtain β̂OLS = −0.397, β̂2SLS = −0.746

(column 1 of Table 3), and β̂e = −0.029, which implies that σ2
IIV

/
(
σ2
IIV

+ σ2
Ie

)
' 0.48 and conversely

σ2
Ie
/
(
σ2
IIV

+ σ2
Ie

)
' 0.52. In our benchmarking exercise, we therefore estimate the magnitude of the

causal effect of the supply-driven component of Chinese import exposure as β̂IV ×∆IPW × 0.48.

Estimating the gravity model

We measure productivity and trade cost-driven growth in U.S. imports from China, (Âcj−θτ̂cj)), as

shown in equation (4), using regression output from the gravity model of trade. To begin, consider

China’s exports to country n in industry j:

Xcnj =
Tcj(wcjτcnj)−θXnj

Φnj
, (12)

where Xcnj is exports by China to country n, Xnj is total expenditure by n, Φnj is a price index

for n, Tcj is China’s technological capability, wcj is China’s unit production costs, and τcnj is trade

costs between China and country n, all for industry j. Analogously, exports by the US (country u)

to n in industry j are,
Xunj =

Tuj(wujτunj)−θXnj

Φnj
, (13)

which together with (12) imply that

ln(Xcnj)− ln(Xunj) = ln(zcj)− ln(zuj)− θ[ln(τcnj)− ln(τunj)], (14)

where zcj ≡ Tcj(wcj)−θ is China’s cost-adjusted productivity, meaning that ln(zcj)− ln(zuj) captures

China’s comparative advantage vis-à-vis the US, which is constant across importing countries, n, for

industry j. The term in the brackets on the right of (14) is the difference in trade costs to country n

between the U.S. and China. Notice that by taking the difference between China and U.S. exports to

country n, we remove non-trade-cost related demand-side factors in country n from the regression,

isolating the effects of bilateral differences in productivity and trade costs on exports. Now consider

the following regression, where we add a dimension for year (t):

ln(Xcnjt)− ln(Xunjt) = αj + αn + εnjt, (15)

where αj is an industry fixed effect (capturing China’s initial comparative advantage vis-a-vis the

U.S. in industry j and αn is an importer fixed effect (capturing the time invariant difference in trade

costs between China and the US for country n in industry j). The residual from the regression in
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(15) is
εnjt =

[
ln
(
zcjt
zujt

)
− αj

]
+
[
−θ ln

(
τcnjt
τunjt

)
− αn

]
. (16)

The first term on the right of (16) is China’s differential comparative advantage relative to the U.S.

for industry j in year t, which captures China’s ability to compete against the United States in

the U.S market and other foreign markets (holding trade costs constant). The industry fixed effect

absorbs the mean difference in China and U.S. export capabilities. The second term on the right

of (16) is China’s differential trade cost relative to the U.S. in industry j and year t for country

n. The importing country fixed effect absorbs the mean difference in China-U.S. trade costs, which

are presumably driven largely by geography. Differential changes in trade costs are the sum of

differential changes in transport costs (which Hummels (2007) suggests fluctuate during our sample

period with no clear trend) and differential changes in trade barriers in importing countries, the

primary component of which will relate to China’s joining the WTO in 2001, when WTO members

jointly and simultaneously lowered their trade barriers toward China. The residual in (16) therefore

captures the upgrading in China’s comparative advantage relative to the U.S. and China’s differential

improvement in access to foreign markets. These are precisely the components of China’s export

growth that matter for U.S. labor demand. As an alternative to the specification in equation (5),

we use the following gravity-based measure of exposure to imports from China,

∆IPWgit =
∑
j

Eijt−1

Eujt−1
· ∆ε̄jtMucjt−1

Eit−1
. (17)

where ∆ε̄jt is the mean change in the residual in (16) for industry j across destination markets n

between year t and year t − 1 based on estimation of a gravity model of trade for China and U.S.

four-digit SIC exports to high-income countries over the period 1991 to 2007. When the change in

residual is multiplied by initial U.S. imports from China in industry j,Mucjt−1, we obtain the change

in U.S. imports from China predicted by China’s changing comparative advantage and falling trade

costs. Note that in (17) we use lagged values for employment shares, as in (6).
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Data appendix

Matching trade data to industries

Data on international trade for 1991 to 2007 are from the UN Comrade Database (http:// com-

trade.un.org/db/default.aspx ), which gives bilateral imports for six-digit HS products.39 To concord

these data to four-digit SIC industries, we proceed as follows. First, we take the crosswalk in Pierce

and Schott (2009), which assigns 10-digit HS products to four-digit SIC industries (at which level

each HS product maps into a single SIC industry) and aggregate up to the level of six-digit HS

products and four-digit SIC industries (at which level some HS products map into multiple SIC

industries). To perform the aggregation, we use data on US import values at the 10-digit HS level,

averaged over 1995 to 2005. The crosswalk assigns HS codes to all but a small number of SIC

industries. We therefore slightly aggregate the 4-digit SIC industries so that each of the resulting

397 manufacturing industries matches to at least one trade code, and none is immune to trade

competition by construction. Details on our industry classification are available on request.

Second, we combine the crosswalk with six-digit HS Comrade data on imports for the United

States (for which Comrade has six-digit HS trade data from 1991 to 2007) and for all other high-

income countries that have data covering the sample period (Australia, Denmark, Finland, Germany,

Japan, New Zealand, Spain, and Switzerland) and then aggregate up to four-digit SIC industries. For

each importing region (the United States and the eight other high-income countries), we aggregate

imports across four export country groups: China; other low-income countries; Mexico, Central

America, and the Dominican Republic (which are the neighboring countries with which the United

States has free trade agreements); and the rest of the World.

Low-income countries are defined according to the World Bank definition in 1989. They are:

Afghanistan, Albania, Angola, Armenia, Azerbaijan, Bangladesh, Benin, Bhutan, Burkina Faso,

Burundi, Burma, Cambodia, Central African Republic, Chad, China, Comoros, Republic of the

Congo, Equatorial Guinea, Eritrea, Ethiopia, The Gambia, Georgia, Ghana, Guinea, Guinea-Bissau,

Guyana, Haiti, India, Kenya, Laos, Lesotho, Madagascar, Maldives, Mali, Malawi, Mauritania,

Moldova, Mozambique, Nepal, Niger, Pakistan, Rwanda, Saint Vincent and the Grenadines, Samoa,

Sao Tome and Principe, Sierra Leone, Somalia, Sri Lanka, Sudan, Togo, Uganda, Vietnam, and

Yemen.
39Trade data on dolls and stuffed toys (SIC code 3942) is missing for 2007 and is therefore replaced with the 2006

data.
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Measuring the industry structure of local labor markets

We derive the potential exposure of Commuting Zones (CZs) to import competition from detailed

information on local industry employment structure in the years 1990 and 2000 that is taken from the

County Business Patterns (CBP) data. CBP is an annual data series that provides information on

employment, firm size distribution, and payroll by county and industry. It covers all U.S. employment

except self-employed individuals, employees of private households, railroad employees, agricultural

production employees, and most government employees. CBP data is extracted from the Business

Register, a file of all known U.S. companies that is maintained by the U.S. Census Bureau, and is

available for download at http://www.census.gov/econ/cbp/index.html.

The CBP does not disclose information on individual employers, and information on employ-

ment by county and industry is hence sometimes reported as an interval instead of an exact count.

Moreover, some establishments are not identified at the most disaggregate level of the industry classi-

fication. The 1990 data however always reports the exact number of firms in each of 13 establishment

size classes for each county-industry cell. We impute employment by county by 4-digit SIC code

in 1990 using the following procedure: (i) Narrow the range of possible employment values in cells

with bracketed employment counts using the minimum and maximum employment values that are

consistent with a cell’s firm size distribution, and with the employment count of the corresponding

aggregate industry. (ii) Construct a sample with all non-empty county-level 4-digit industry cells,

and regress the employment in these cells on the number of firms in each of the 13 establishment

size classes. The starting value of employment for cells with bracketed employment counts is the

midpoint of the bracket. The coefficients of the regression yield an estimate for the typical firm size

within each firm size bracket. Replace employment counts in cells with bracketed values with the

predicted values from the regression, and repeat the estimation and imputation until the coefficients

of the establishment size variables converge. (iii) Use the establishment size information in 4-digit

and corresponding 3-digit industries, and the coefficients from the preceding regression analysis to

compute the employment in firms that are identified only by a 3-digit industry code in the data,

and repeat the same step for higher levels of industry aggregation. (iv) If necessary, proportionally

adjust estimated employment in 4-digit industries and in firms that lack a 4-digit code so that they

sum up to the employment of the corresponding 3-digit code. Repeat this step for higher levels of

industry aggregation. (v) Assign employment of firms that are only identified at the 2-digit industry

level to 3-digit industries, proportional to observed 3-digit industry employment in the respective

county. Repeat this step for assigning 3-digit employment to 4-digit industries.

The CBP 2000 reports employment by county and industry for 6-digit NAICS codes and the
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distribution of firm sizes over 9 establishment size classes. We impute suppressed employment

counts using the same procedure as outlined for the CBP 1990 above. In order to map NAICS

to SIC codes, we construct a weighted crosswalk based on the Census “bridge” file (available for

download at http://www.census.gov/epcd/ec97brdg/ ). This file reports the number of employees

and firms in the 1997 Economic Census for each existing overlap between NAICS and SIC industry

codes. Employment counts are reported in brackets for some 6-digit NAICS–4-digit SIC cells while

exact firm counts are always available. We impute employment in these cells by multiplying the

number of firms in the cell by the average firm size in the corresponding NAICS industry that we

observe in the CBP 2000. If necessary, imputed employment counts are proportionally adjusted

so that estimated employment in 6-digit NAICS industries correctly sums up to employment in

associated 5-digit industries. The resulting weighted crosswalk reports which fraction of a 6-digit

NAICS code matches to a given 4-digit SIC code. We use this crosswalk to map the information on

employment by county by NAICS industry from the CBP 2000 to the corresponding SIC industries.

Finally, we aggregate employment by county to the level of Commuting Zones.

Measuring labor supply and earnings

Our sample of workers consists of individuals who were between age 16 and 64 and who were

working in the year preceding the survey. Residents of institutional group quarters such as prisons

and psychiatric institutions are dropped along with unpaid family workers. Labor supply is measured

by the product of weeks worked times usual number of hours per week. For individuals with missing

hours or weeks, labor supply weights are imputed using the mean of workers in the same education-

occupation cell, or, if the education-occupation cell is empty, the mean of workers in the same

education cell. All calculations are weighted by the Census sampling weight multiplied with the

labor supply weight and the weight derived from the geographic matching process that is described

below.

The computation of wages excludes self-employed workers and individuals with missing wages,

weeks or hours. Hourly wages are computed as yearly wage and salary income divided by the product

of weeks worked and usual weekly hours. Top-coded yearly wages are multiplied by a factor of 1.5

and hourly wages are set not to exceed this value divided by 50 weeks times 35 hours. Hourly wages

below the first percentile of the national hourly wage distribution are set to the value of the first

percentile. The computation of full-time full-year weekly wages is based on workers who worked for

at least 40 weeks and at least 35 hours per week. Wages are inflated to the year 2007 using the

Personal Consumption Expenditure Index.
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Measuring government transfers

Our primary source for data on transfers are the Regional Economic Accounts (REA) of the Bureau

of Economic Analysis (available for download at http://www.bea.gov/regional/index.htm). The REA

data includes information on total receipts of transfers by individuals from governments at the county

level. It also hierarchically disaggregates these transfers into different categories and subcategories

of transfer payments. The largest transfer categories are medical benefits, retirement and disability

benefits, and income maintenance benefits which together account for 93% of the national transfer

sum in 2007.

The REA data provides the exact amount of annual transfers by county and transfer type unless

the transfer sum is very small (i.e., positive amounts of transfers that are below 50,000 dollars in

a given county and year). If county lacks precise transfer amounts in some transfer categories, we

distribute its total transfer receipts over these transfer categories in proportion to their relative share

of total transfers in the corresponding state. All transfer amounts are inflated to 2000 US$ using

the Personal Consumption Expenditure deflator.

The government transfers in the REA data include transfers from all levels of government (federal,

state, and local) and lump together federal and non-federal transfers in welfare areas where both

federal and non-federal programs exist. Nevertheless, we are able to separately identify a set of

federal welfare programs that account for 69% of national transfers in 2007: Social Security payments

(OASDI), Medicare, supplemental security income (SSI), family assistance (AFDC/TANF), food

stamps (SNAP), and several programs for veterans and for federal and railroad employees. The only

relevant state-funded transfer category is state unemployment insurance, accounting for 2% of the

transfer total, while the remaining 29% of transfers fall into welfare areas that combine federal and

non-federal programs, such as public assistance medical care or education and training assistance.

Our secondary source for transfer data is the Social Security Administration’s Annual Statistical

Supplements (various years), from which we obtained data on social security payments by county.

This data source disaggregates Social Security payments into retirement and disability benefits, and

it also reports the number of beneficiaries by county.

7



Source: Gordon

Figure 1.
Import Penetration Ratio for U.S. Imports from China.
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Panel A: OLS Regression, Full Sample 

Panel B: OLS Regression, Trimmed Sample

Figure 2.
Change in Import Exposure per Worker and Decline of  Manufacturing Employment: Added 

Variable Plots of  OLS Estimates.

Notes: N=722 in Panel A and N=707 in Panel B (covering 100% and 99.1% of  U.S. population, respectively). The added 
variable plots control for the start of  period share of  employment in manufacturing industries. The regression in Panel B 
omits 15 commuting zones whose change in import exposure or change in manufacturing emplyoment share deviates from 
the respective sample medians by more than 5 standard deviations. Regression models are weighted by start of  period 
commuting zone share of  national population.
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Figure 3.
Change in Import Exposure per Worker and Decline of  Manufacturing Employment: Added 

Variable Plots 2SLS and Reduced Form Estimates

Notes: N=722. Regression models are weighted by start of  period commuting zone share of  national population.

Panel A: 2SLS 1st Stage Regression, Full Sample

Panel B: OLS Reduced Form Regression, Full Sample
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Imports from Exports to Imports from Imports from Imports from
China China Other Low-Inc. Mexico/Cafta Rest of  World

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

1991/92 26.3 7.5 7.7 38.5 905.8
2000 121.6 23.0 22.8 151.6 1865.5
2007 330.0 57.4 45.4 183.0 2365.9

Growth 1991-07 1156% 663% 491% 375% 161%

1991/92 28.2 19.4 9.2 2.8 1708.8
2000 94.3 68.2 13.7 5.3 1979.8
2007 262.8 196.9 31.0 11.6 3339.3

Growth 1991-07 832% 914% 236% 316% 95%

Table 1. Value of  Trade with China for the U.S. and Other Selected High-Income Countries and Value of  Imports from all 
other Source Countries, 1991/1992-2007.

Notes: Trade data is reported for the years 1991, 2000, and 2007, except for exports to China which are first available in 1992.  The set of  "Other 
Developed Countries" in Panel B comprises Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain, and Switzerland. Column 3 covers 
imports from all countries that have been classified as low-income by the World Bank in 1989, except for China. Column 4 covers imports from 
Mexico and the Central American and Carribean countries covered by the CAFTA-DR free trade agreement. Column 5 covers imports from all other 
countries (primarily from developed countries).

II. Imports from Other Countries (in BN 2007 US$)I. Trade with China (in BN 2007 US$)

B. 8 Other Developed Countries

A. United States



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

-0.89 ** -0.72 ** -0.75 **
(0.18) (0.06) (0.07)

0.43 ** -0.13 0.15
(0.15) (0.13) (0.09)

II. 1970-1990 (Pre-Exposure)
1990-
2007

1970-
1990

(Δ Current Period Imports from 
China to US)/Worker

Notes: N=722, except N=1444 in stacked first difference models of  columns 3 and 6. The variable 'future period imports' is 
defined as the average of  the growth of  a CZ's import exposure during the periods 1990-2000 and 2000-2007. All regressions 
include a constant and the models in columns 3 and 6 include a time dummy. Robust standard errors in parentheses are clustered 
on state. Models are weighted by start of  period commuting zone share of  national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 
0.01.

(Δ Future Period Imports from 
China to US)/Worker

Table 2. Imports from China and Change of  Manufacturing Employment in Commuting Zones, 1970-2007: 
2SLS Estimates.

Dependent Variable: 10 x Annual Change in Manufacturing Emp/Working Age Pop (in %pts)

1990-
2000

2000-
2007

1970-
1980

1980-
1990

I. 1990-2007



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

-0.746 ** -0.610 ** -0.538 ** -0.508 ** -0.562 ** -0.596 **
(0.068) (0.094) (0.091) (0.081) (0.096) (0.099)

-0.035 -0.052 ** -0.061 ** -0.056 ** -0.040 **
(0.022) (0.020) (0.017) (0.016) (0.013)

-0.008 0.013
(0.016) (0.012)

-0.007 0.030 **
(0.008) (0.011)

-0.054 * -0.006
(0.025) (0.024)

-0.230 ** -0.245 **
(0.063) (0.064)

0.244 -0.059
(0.252) (0.237)

Census division dummies No No Yes Yes Yes Yes

0.792 ** 0.664 ** 0.652 ** 0.635 ** 0.638 ** 0.631 **
(0.079) (0.086) (0.090) (0.090) (0.087) (0.087)

R2 0.54 0.57 0.58 0.58 0.58 0.58

Percentage of  college-educated 
population-1

Percentage of  foreign-born 
population-1

Table 3. Imports from China and Change of  Manufacturing Employment in Commuting Zones, 1990-2007: 
2SLS Estimates.

Dependent Var: 10 x Annual Change in Manufacturing Emp/Working Age Pop (in %pts)

(Δ Imports from China to 
US)/Worker

I. 1990-2007 Stacked First Differences

Percentage of  employment in 
manufacturing-1

Notes: N=722 in columns 1 and 2, N=1444 (722 commuting zones x 2 time periods) in columns 3 to 8. All regression include a 
constant and a dummy for the 2000-2007 period. First stage estimates in Panel B also include the control variables that are 
indicated in the corresponding columns of  Panel A. Routine occupations are defined such that they account for 1/3 of  U.S. 
employment in 1980. The outsourcability index is standardized to mean of  0 and standard deviation of  10 in 1980. Robust 
standard errors in parentheses are clustered on state. Models are weighted by start of  period commuting zone share of  national 
population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

Percentage of  employment 
among women-1

Percentage of  employment in 
routine occupations-1

Average offshorability index of  
occupations-1

(Δ Imports from China to 
OTH)/Worker

II. 2SLS First Stage Estimates



All College Non-College Age 16-34 Age 35-49 Age 50-64
(1) (2) (3) (4) (5) (6)

-0.815 * -0.276 -0.855 * -1.038 ~ -0.492 -0.871 **
(0.381) (0.511) (0.371) (0.591) (0.436) (0.315)

R2 0.05 0.25 0.00 0.15 0.68 .

-0.226 0.167 -0.113 -0.260 0.001 -0.377
(0.382) (0.470) (0.389) (0.687) (0.353) (0.324)

R2 0.39 0.45 0.45 0.42 0.75 0.31

0.091 0.006 0.106 0.015 0.426 0.040
(0.561) (0.512) (0.630) (0.879) (0.429) (0.513)

R2 0.46 0.49 0.51 0.43 0.81 0.47

(Δ Imports from China 
to US)/Worker

Table 4. Imports from China and Change of  Working Age Population within Commuting Zones, 1990-2007: 2SLS 
Estimates.

Dependent Variables: 10-Year Equivalent Log Changes in Headcounts (in log pts)

Notes: N=1444 (722 commuting zones x 2 time periods). All regression include a constant and a dummy for the 2000-2007 period. Models in 
Panel B and Calso include Census Division dummies while Panel C adds the full vector of  control variables from column 6 of  Table 3. Robust 
standard errors in parentheses are clustered on state.  Models are weighted by start of  period commuting zone share of  national population.  ~ p 
≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

II. By Age GroupI. By Education Level

(Δ Imports from China 
to US)/Worker

B. Controlling for Census Division Dummies

C. Full Controls

A. No Census Division Dummies or Other Controls

(Δ Imports from China 
to US)/Worker



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

-0.596 ** -0.178 0.221 ** 0.553 ** 0.076 ** -0.592 ** 0.168 0.119 ** 0.304 **
(0.099) (0.137) (0.058) (0.150) (0.028) (0.125) (0.122) (0.039) (0.113)

-0.686 ** -0.155 0.271 ** 0.569 ** n/a -0.581 ** -0.531 ** 0.282 ** 0.831 **
(0.129) (0.145) (0.074) (0.128) (0.095) (0.203) (0.085) (0.211)

-0.637 ** -0.162 0.236 ** 0.563 ** n/a -0.625 ** -0.140 0.224 ** 0.541 **
(0.119) (0.119) (0.076) (0.157) (0.124) (0.151) (0.062) (0.159)

-0.353 ** -0.295 0.105 ** 0.542 ** n/a -0.555 ** -0.218 0.217 ** 0.556 **
(0.079) (0.195) (0.035) (0.199) (0.088) (0.133) (0.060) (0.149)

Notes: N=1444 (722 commuting zones x 2 time periods). All statistics are based on working age individuals (age 16 to 64). The effect of  import exposure on the overall 
employment/population ratio can be computed as the sum of  the coefficients for manufacturing and non-manufacturing employment; this effect is highly statistically significant (p ≤ 0.01) 
in the full sample and in all reported subsamples. The number of  recipients of  SSDI benefits is not available separately by age, gender, or education. All regressions include the full vector of  
control variables from column 6 of  Table 3. Robust standard errors in parentheses are clustered on state. Models are weighted by start of  period commuting zone share of  national 
population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

C2. No College Education

D2. Females

D1. Males

C1. College Education

(Δ Imports from China to 
US)/Worker

(Δ Imports from China to 
US)/Worker

(Δ Imports from China to 
US)/Worker

B1. Age 16-34

SSDI/ 
Pop

Non-Mfg 
Emp/
Pop

Unemp/
Pop

Non-Mfg 
Emp/
Pop

Mfg Emp/
Pop

A. Entire Working Age Population

B2. Age 35-49

B3. Age 50-64

(Δ Imports from China to 
US)/Worker

Table 5. Imports from China and Employment Status of  Working Age Population within Commuting Zones, 1990-2007:
2SLS Estimates.

Dep Vars: 10-Year Equivalent Changes in Population Shares by Employment Status (in %pts)

Mfg Emp/
Pop

Unemp/
Pop

NILF/
Pop

NILF/
Pop

I. Overall and by Age Group II. By Education and Gender



All Workers Males Females
(1) (2) (3)

-0.759 ** -0.892 ** -0.614 **
(0.253) (0.294) (0.237)

R2 0.56 0.44 0.69

-0.757 * -0.991 ** -0.525 ~
(0.308) (0.374) (0.279)

R2 0.52 0.39 0.63

-0.814 ** -0.703 ** -1.116 **
(0.236) (0.250) (0.278)

R2 0.52 0.45 0.59

Table 6. Imports from China and Wage Changes within Commuting Zones, 1990-
2007: 2SLS Estimates.

Dep Var: 10-Year Equivalent Change in Avg Log Weekly Wage (in log pts)

C. No College Education

(Δ Imports from China 
to US)/Worker

Notes: N=1444 (722 commuting zones x 2 time periods). All regressions include the full vector of  
control variables from column 6 of  Table 3. Robust standard errors in parentheses are clustered on 
state. Models are weighted by start of  period commuting zone share of  national population.  ~ p ≤ 
0.10, * p ≤ 0.05, ** p ≤ 0.01.

A. All Education Levels

(Δ Imports from China 
to US)/Worker

B. College Education

(Δ Imports from China 
to US)/Worker



All Non- All Non-
Workers College College Workers College College

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

-3.129 ** -3.045 ** -3.329 ** -0.184 0.172 -0.747
(0.827) (1.011) (0.883) (0.482) (0.442) (0.567)

R2 0.29 0.31 0.34 0.33 0.43 0.49

0.150 0.458 -0.101 -0.761 ** -0.743 * -0.822 **
(0.482) (0.340) (0.369) (0.260) (0.297) (0.246)

R2 0.22 0.21 0.33 0.60 0.54 0.51

Table 7. Comparing Employment and Wage Changes in Manufacturing and outside Manufacturing, 1990-2007: 
2SLS Estimates.

Dep Vars: 10-Year Equiv. Changes in Log Workers (in Log Pts) and Avg Log Weekly Wages (in %)

I. Manufacturing Sector II. Other Sectors

Notes: N=1444 (722 commuting zones x 2 time periods). All regressions include the full vector of  control variables from column 6 of  
Table 3. Robust standard errors in parentheses are clustered on state. Models are weighted by start of  period commuting zone share of  
national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

A. Log Change in Number of  Workers

(Δ Imports from China to 
US)/Worker

B. Change in Average Log Wage

(Δ Imports from China to 
US)/Worker



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

0.66 ** 10.20 ~ 2.28 ~ 0.41 1.45 ** 0.21 2.38 ** 0.75 1.98 *
(0.25) (5.72) (1.32) (0.29) (0.54) (0.37) (0.82) (1.90) (1.00)

R2 0.28 0.29 0.48 0.34 0.42 0.43 0.51 0.59 0.23

57.73 ** 0.23 3.42 10.00 ~ 8.40 ** 18.27 7.20 ** 4.13 3.71 **
(18.41) (0.17) (2.26) (5.45) (2.21) (11.84) (2.35) (4.44) (1.44)

R2 0.75 0.28 0.41 0.47 0.63 0.66 0.53 0.30 0.37

Educ/ 
Training 
Assist.

Unemp-
loyment 
Benefits

SSA Re-
tirement 
Benefits

Federal 
Income 
Assist.

Other 
Income 
Assist.

Table 8. Imports from China and Change of  Government Transfer Receipts in Commuting Zones, 1990-2007: 2SLS Estimates.
Dep Vars: 10-Year Equivalent Log and Dollar Change of  Annual Transfer Receipts per Capita (in log pts and US$)

(Δ Imports from China 
to US)/Worker

(Δ Imports from China 
to US)/Worker

Notes: N=1444 (722 commuting zones x 2 time periods), except N=1436 in column 2, panel A. Results for TAA benefits in column 2 are based on state-level data that is allocated to 
commuting zones in proportion to unemployment benefits. Unemployment benefits in column 3 include state benefits and federal unemployment benefits for civilian federal 
employees, railroad employees, and veterans. Medical benefits in column 6 consist mainly of  Medicare and Medicaid. Federal income assistance in column 7 comprises the SSI, 
AFDC/TANF, and SNAP programs while other income assistance in column 8 consists mainly of  general assistance. Education and training assistance in column 9 includes such 
benefits as interest payments on guaranteed student loans, Pell grants, and Job Corps benefits. The transfer categories displayed in colums 2 to 9 account for 96% of  total individual 
transfer receipts. All regressions include the full vector of  control variables from column 6 of  Table 3. Robust standard errors in parentheses are clustered on state. Models are 
weighted by start of  period commuting zone share of  national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

Total 
Individ 

Transfers
TAA 

Benefits

A. Log Change of  Transfer Receipts per Capita

B. Dollar Change of  Transfer Receipts per Capita

SSA 
Disabili-ty 

Ben.
Medical 
Benefits



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

-1.10 ** -1.57 ** -0.40 1.47 ** -1.33 ** -1.76 **
(0.29) (0.45) (0.55) (0.46) (0.32) (0.44)

R2 0.75 0.57 0.75 0.48 0.59 0.56

-492.6 ** -549.3 ** 40.1 17.3 ** -439.9 ** -476.5 **
(160.4) (169.4) (116.7) (4.3) (112.7) (122.2)

R2 0.63 0.40 0.72 0.51 0.49 0.48

Table 9. Imports from China and Change in Household Income, 1990-2007: 2SLS Estimates.
Dependent Variable: 10-Year Equivalent Relative Growth and Absolute Dollar Change of  Average and Median 

Annual Household Income per Working-Age Adult (in %pts and US$)

Total
Wage- 
Salary

Business 
Invest

SocSec 
+AFDC

Wage- 
Salary

Median HH Inc./Ad.Average HH Income/Adult by Source

B. Dollar Change

(Δ Imports from China 
to US)/Worker

Notes: N=1444 (722 commuting zones x 2 time periods). Per capita household income is defined as the sum of  individual incomes 
of  all working age household members (age 16-64), divided by the number of  household members of  that age group. Total income 
comprises wage and salary income; self-employment, business and investment income; social security and welfare income; and 
income from other non-specified sources. Social security and welfare income in column 4 includes social security retirement, 
disability, and supplementary income, aid to families with dependent children (AFDC), and general assistance. All regressions 
include the full vector of  control variables from column 8 of  Table 2. Robust standard errors in parentheses are clustered on state. 
Models are weighted by start of  period commuting zone share of  national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

Total

A. Relative Growth (%pts)

(Δ Imports from China 
to US)/Worker



Log Avg Log
Transfers

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

-0.45 ** -0.12 0.43 -0.50 ~ 0.42 -1.23 *
(0.10) (0.15) (0.42) (0.27) (0.26) (0.49)

-0.29 ** -0.03 0.04 -0.26 ~ 0.33 ** -0.66 **
(0.04) (0.08) (0.28) (0.15) (0.12) (0.20)

-1.03 ** -0.57 ~ 0.95 -1.45 ** 1.18 * -2.71 **
(0.21) (0.31) (0.83) (0.41) (0.54) (0.85)

Notes: N=1444 (722 commuting zones x 2 time periods). All regression include a constant, Census division dummies, a dummy for the 2000-2007 period, and 
the full vector of  control variables from column 8 of  Table 2. The mean (and standard deviation) of  the regressors is 1.56 (1.67) for decadal growth of  U.S. 
net imports from China per worker; 1.40 (1.79) for the decadal change of  the comparative advantage measure, and 1.12 (0.91) for the decadal growth in factor 
content of  net imports per worker. The first stage coefficient estimates for the instruments in panel A are 0.70 (s.e. 0.10) for the import instrument and -0.32 
(0.08) for the export instrument. The first stage coefficient estimates for the instruments in panel C are 0.65 (s.e. 0.10) for the import instrument and -0.31 
(0.07) for the export instrument. Models are weighted by start of  period commuting zone share of  national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

A. Instruments: Import and Export Exposure (using China-OTH Trade)

(Δ Net Imports of  US from 
China)/Worker

B. Reduced Form OLS: Change in China-US Productivity Differential

Δ Comparative Advantage 
China (Gravity Residual)

C. Instr.: Factor Cont. of  Import and Export Exposure (using Chn-OTH Trade)

(Δ Factor Content of  Net 
Imports from Chn)/Worker

Table 10. Net Imports from China and Employment, Wages and Transfers in the U.S., 1990-2007:
2SLS and OLS Estimates.

Dependent Variables: 10-Year Equivalent Changes of  Indicated Variables

II. Log Wages III. Transfers, Wage Inc

Mfg Non-Mfg Mfg Non-Mfg HH Wage Inc

I. Employment/Pop



90th percentile 2.05 90th percentile 4.30
75th percentile 1.32 75th percentile 3.11
50th percentile 0.89 50th percentile 2.11
25th percentile 0.62 25th percentile 1.60
10th percentile 0.38 10th percentile 1.03

Rank

1 San Jose, CA 3.15 San Jose, CA 7.32
2 Providence, RI 2.59 Providence, RI 4.99
3 Buffalo, NY 2.24 Los Angeles, CA 3.59
4 Boston, MA 1.55 San Diego, CA 3.08
5 Portland, OR 1.53 Portland, OR 2.96
6 San Diego, CA 1.52 Pittsburgh, PA 2.95
7 Newark, NJ 1.32 Chicago, IL 2.93
8 Los Angeles, CA 1.28 Milwaukee, WI 2.93
9 Bridgeport, CT 1.27 Boston, MA 2.79
10 Denver, CO 1.23 Dallas, TX 2.77

20 Forth Worth, TX 0.83 Columbus, OH 1.90
21 Phoenix, AZ 0.83 Phoenix, AZ 1.90

31 Atlanta, GA 0.61 Fresno, CA 1.56
32 Pittsburgh, PA 0.56 St. Louis, MO 1.53
33 Sacramento, CA 0.53 Tampa, FL 1.49
34 Kansas City, MO 0.51 Atlanta, GA 1.31
35 West Palm Beach, FL 0.48 Baltimore, MD 1.25
36 Fresno, CA 0.47 West Palm Beach, FL 1.22
37 Orlando, FL 0.46 Kansas City, MO 1.13
38 Houston, TX 0.45 Washington, DC 0.86
39 Washington, DC 0.21 New Orleans, LA 0.70
40 New Orleans, LA 0.19 Orlando, FL 0.59

II. 2000-2007

Appendix Table 1. Descriptive Statistics for Growth of  Imports Exposure per Worker 
across C'Zones

I. 1990-2000

Notes: The table reports 10-year equivalent values of  (Δ Imports from China to US)/Worker in kUS$. 
The statistics in panel A are based on 722 commuting zones and weighted by start-of-period population 
size. The ranking in panel B is based on the 40 commuting zones with largest population in 1990, and 
indicates the largest city of  each ranked commuting zone.

A. Percentiles

B. Largest and Smallest Values among the 40 Largest C'Zones



1990/1991 2000 2007 1990-2000 2000-2007
(1) (2) (3) (4) (5)

0.29 1.32 3.58 1.14 n/a
(0.32) (1.18) (2.84) (0.99)

0.25 1.08 2.92 n/a 2.63
(0.27) (0.90) (2.13) (2.01)

12.69 10.51 8.51 -2.07 -2.73
(4.80) (4.45) (3.60) (1.63) (1.80)

57.75 59.16 61.87 1.29 3.70
(5.91) (5.24) (4.95) (2.38) (2.71)

4.80 4.28 4.87 -0.51 0.85
(0.99) (0.93) (0.90) (0.73) (1.39)

24.76 26.05 24.75 1.29 -1.82
(4.34) (4.39) (3.70) (2.56) (2.57)

1.86 2.75 3.57 0.91 1.23
(0.63) (1.04) (1.41) (6.38) (0.71)

655 666 671 11.4 7.8
(17) (17) (19) (6.4) (7.7)

637 650 653 12.5 3.5
(16) (15) (16) (4.1) (4.3)

3338 4297 5544 1004.4 1844.0
(692) (908) (1091) (334.0) (437.6)

1121 1262 1398 150.5 206.2
(284) (310) (338) (79.3) (120.4)

136 213 300 78.2 128.3
(46) (77) (112) (39.8) (61.5)

1115 1789 2564 698.3 1142.8
(371) (552) (679) (231.9) (288.5)

298 270 303 -24.8 52.2
(136) (134) (129) (43.6) (46.0)

106 86 108 -19.1 34.1
(52) (43) (55) (29.4) (41.0)

0.6 1.1 2.2 0.5 1.6
(0.6) (1.0) (2.7) (0.9) (3.3)

32122 38126 37909 5964 -367
(6544) (7743) (7501) (2358) (2646)

23496 27655 28872 4152 1703
(4700) (5449) (6304) (1569) (2623)

Avg household wage and salary income 
per w. age adult (in US$)

Average TAA benefits per capita (in 
US$)

Average log weekly wage, 
manufacturing sector (in log pts)

Average federal income assistance per 
capita (in US$)

Average log weekly wage, non-
manufacturing sectors (in log pts)

Average individual transfers per capita 
(in US$)

Appendix Table 2. Means and Standard Deviations of  Commuting Zone Variables.

Percentage of  working age pop 
receiving disability benefits

II. 10-Year Equivalent Chg

Average retirement benefits per capita 
(in US$)

Percentage of  working age pop 
unemployed

Percentage of  working age pop not in 
the labor force

Notes: N=722 commuting zones. Statistics in columns (1) and (3) are weighted by 1990 population, statistics in columns (2) and (4) are weighted 
by 2000 population, and statistics in column (5) are weighted by 2007 population. The first two rows of  column (3) report import volumes for the 
year 1991, all other variables in column (3) are based on 1990 data. Information on employment composition, wages, and income in column (5) is 
derived from pooled 2006-2008 ACS data.

I. Levels

Percentage of  working age pop 
employed in non-manufacturing

(Imports from China to US)/(Workers 
in 2000) (in kUS$)

Percentage of  working age pop 
employed in manufacturing

(Imports from China to US)/(Workers 
in 1990) (in kUS$)

Average unemployment benefits per 
capita (in US$)

Avg household income per working age 
adult (in US$)

Average disability benefits per capita (in 
US$)

Average medical benefits per capita (in 
US$)



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

-0.468 ** -0.319 ** -0.285 ** -0.266 ** -0.280 ** -0.289 **
(0.075) (0.054) (0.044) (0.041) (0.043) (0.043)

-0.072 ** -0.084 ** -0.098 ** -0.094 ** -0.085 **
(0.015) (0.015) (0.013) (0.012) (0.010)

-0.016 0.005
(0.013) (0.008)

-0.014 ~ 0.022 *
(0.008) (0.010)

-0.057 ** -0.009
(0.022) (0.023)

-0.202 ** -0.211 **
(0.051) (0.053)

-0.057 -0.233
(0.228) (0.221)

Census division dummies No No Yes Yes Yes Yes

R2 0.20 0.29 0.39 0.43 0.47 0.48
Notes: N=1444 (722 commuting zones x 2 time periods). The mean (and standard deviation) of  the change in gravity residual is 1.402 
(1.788). All regression include a constant and a dummy for the 2000-2007 period. Robust standard errors in parentheses are clustered 
on state. Models are weighted by start of  period commuting zone share of  national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

Percentage of  employment 
among women-1

Percentage of  employment in 
routine occupations-1

Average offshorability index of  
occupations-1

Appendix Table 3. Import Residuals and Change of  Manufacturing Employment in Commuting Zones, 1990-
2007: OLS Estimates.

Dependent Variable: 10 x Annual Change in Manufacturing Emp/Working Age Pop (in %pts)

Δ Comparative Advantage 
China (Gravity Residual)

Percentage of  college-educated 
population-1

Percentage of  foreign-born 
population-1

Percentage of  employment in 
manufacturing-1



China China+ China+ Mexico/ High-Inc
other Low-Inc Mexico/Cafta Cafta

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

-0.171 ** -0.182 ** -0.034 0.297 ** 0.021 **
(0.028) (0.026) (0.031) (0.050) (0.005)

-0.596 ** -0.587 ** -0.602 ** -1.870 ** -0.031 ~
(0.099) (0.096) (0.110) (0.682) (0.018)

0.631 ** 0.621 ** 0.632 ** 1.146 * 0.420 **
(0.087) (0.078) (0.093) (0.514) (0.047)

t-statistic 7.3 7.9 6.8 2.2 8.9

1.88 2.13 2.76 0.88 9.04
(1.75) (1.89) (2.08) (1.12) (9.30)

second stage estimates

(Δ Imports from specified 
exporter to U.S.)/Worker

first stage estimates

(Δ Imports from specified 
exporter to OTH)/Worker

Notes: N=1444. The other ('OTH') countries that were used to construct the instrument include Australia, Denmark, Finland, Germany, Japan, New 
Zealand, Spain, and Switzerland. "Low-Income" countries are defined according to the 1990 Worldbank classification (see appendix); "high-income" 
countries in column 5 comprise all countries except low-income and Mexico/Cafta. All regressions contain the full vector of  control variables from 
column 8 of  Table 2. Robust standard errors in parentheses are clustered on state. Models are weighted by start of  period commuting zone share of  
national population.  ~ p ≤ 0.10, * p ≤ 0.05, ** p ≤ 0.01.

Mean and SD of   (Δ Imports to 
U.S.)/Worker

C. Descriptive Statistics

Appendix Table 4. Imports from Different Exporting Countries and Change of  Manufacturing Employment in Commuting 
Zones, 1990-2007.

Dependent Variable: 10 x Annual Change in Share of  Employment in Manufacturing (in %pts)

A. OLS Estimates

(Δ Imports from specified 
exporter to U.S.)/Worker

B. 2SLS Estimates

Exporters
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