






























































Figure 6: Implied Impact of Import Competition on Employment-Population over 2001 to 2019

Change in total employment-population ratio
(a) Actual change (b) Predicted change due to China trade shock
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Note: Panel (a) plots the observed change in the wage and salary employment-working-age population ratio over 2001
to 2019; panel (b) plots the implied change in this value based due to the China trade shock based on our estimates
(i-e., the product of the change in import penetration over 2000 2012 in (1) multiplied by the 2SLS coefficient estimate
for this variable from the specification in (2) in which the dependent variable is the 2001 to 2019 change in the ratio
of wage and salary employment to the working-age population, as shown in Figure 5¢). Legends indicate values for
the bottom four quintles and the top two deciles of this value, arranged in order of shock intensity.

annual surveys. We estimate the impact of the China trade shock on employment-population ratios
for three time differences: 2000 (using data from the 2000 Census 5% sample) to 2007 (using pooled
1% annual samples from the 2006-2008 ACS files), 2012 (using pooled 1% annual samples from the
2011-2013 ACS files), and 2018 (using pooled 1% annual samples from the 2017-2019 files).** The
2000-2007 period matches the later time period studied in Autor et al. (2013a), the 2000-2012 period
matches the duration of our trade shock measure, and 2000 to 2017,/2019 is the longest post-2000
period we can study using the Census-ACS. We see that for the 2000-2018 time difference, the
impact coefficient for total employment-population ratio of —1.23 (t-value = —3.32) in Figure A10
compares to that in Figure 5¢c of —1.74 (t-value= —2.35) for 2001 to 2019. Similarly, the 2000-2018
impact coefficient for manufacturing employment-population of —1.67 (t-value = —7.00) in Figure
A10 compares to that in Figure 5a of —1.74 (t-value= —2.35). These two results are similar, in light
of the former estimates using 2000 as a start year (instead of 2001), combining 2017-2019 data for
the 2019 observation, and measuring employment as persons employed instead of total jobs. One
mild difference between the two sets of results is that the long-run (2000 to 2018) impact of the

China trade shock on the non-manufacturing employment ratio is somewhat larger in Figure A10b

(8 = 0.43, t-value = 1.35) than in Figure 5b (8 = 0.05, t-value = 0.06 ), though the estimate is

328ee Appendix Table A3 for summary statistics; other regressions variables are the same as in Figure 5.
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imprecise and far too small to prevent a decline in the overall employment rate.??

4.1.2 Unemployment

A decrease in the employment-population ratio potentially combines increased exits from the labor
force with an increased number of workers who are jobless but searching for new employment. In
Figure 5d, we examine the impact of trade exposure on the unemployment-to-population ratio,
defined as the share of those unemployed in the working-age population, for time differences from
2000 to 2001 to 2000 to 2019.%* Impact coefficients are positive, indicating that CZs more exposed to
the China trade shock experienced larger increases in unemployment. These effects are statistically
significant in just four of the 19 time periods, however, reaching reach their peak in 2011 with a
coefficient of 0.50 (t-value= 1.90), indicating perhaps that the impact of the China trade shock was
amplified by the Great Recession. When comparing CZs at the 25" and 75" percentiles of trade
exposure, the more-exposed CZ would have a 0.33 (= 0.50 x [1.17 — .51]) percentage-point larger
increase in the share of the working-age population that is unemployed over 2000 to 2011. The
positive impacts of greater import competition attenuate over time, dropping close to zero in 2017
and later years. Unsurprisingly, movements into unemployment play little role in absorbing the fall in
employment over the long run (Blanchard and Katz, 1992). Any increase in unemployment, however,
should have resulted in increased uptake of Ul benefits, evidence of which we see in Appendix Figure
Alla. There is a positive impact of trade exposure on Ul benefits per working-age person over the
first half of the 2000 to 2019 period, which becomes negative and imprecisely estimated after 2013.%°

One of the most surprising results reported by Autor et al. (2013a) is that the adverse impacts
of the China Shock on manufacturing and total employment-to-population persisted over at least
a decade. At the time that paper was written, the China trade shock was ongoing, making it

impossible to distinguish short-term from steady-state (or “medium run”) impacts. The evidence

33Because the China trade shock began in the 1990s, one may view the specification in (2) as incomplete in that it
does not control for the previous decade’s trade shock. Appendix section A.5.1 explores these adjustment dynamics.

34Conventionally, the unemployment rate is defined the fraction of those in the labor force who are unable to
find work. We use the unemployment-to-population ratio because the manufacturing, non-manufacturing, non-
participation, and unemployment to population rates sum to one (meaning that a fall in any one quantity must
be offset by an increase in the sum of the others). In practice, LAUS unemployment numbers differ from REIS
employment numbers in concept and measurement. Whereas REIS measures the number of jobs based on detailed
employment data, LAUS provides a model-based estimate of the number of local individuals who are unemployed.

35Whereas our analysis of unemployment is for 2000 to 2019, the analysis of manufacturing and non-manufacturing
employment in Figure 5 covers the slightly shorter time interval of 2001 to 2019, owing to changes in REIS industry
classifications from SIC to NAICS. In Figure A11b we report results for changes in the wage and salary employment-
population ratio over 2000 to 2019, which are very similar to those in Figure 5c.
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presented above makes clear that even in 2019, nine years after the plateau of the China trade shock,
there is no recovery of manufacturing or total employment-to-population rates in trade-exposed CZs.
To a first approximation, more-trade-exposed CZs suffered a durable reduction in the size of their
manufacturing labor force, with the bulk of this decline translating into a long-run increase in non-
employment. The consequences of these disruptions went far beyond earnings and employment. Job
loss engendered social dislocation, in the form of lower marriage rates, increased single parenthood,
a higher incidence of children living in poverty, and increased mortality from drug and alcohol abuse,

especially among young males (Autor et al., 2019; Pierce and Schott, 2020).

4.2 Spillovers across Regions and Industries

The empirical specification in (2) is consistent with a setting in which commuting zones are func-
tionally small open economies. If changes in economic conditions in a given CZ do not materially
affect outcomes in other CZs, we can examine each commuting zone on its own without modeling the
transmission of shocks across locations. Of course, trade shocks directly impacting one commuting
zone may be transmitted to other CZs via changes in regional flows of goods and production factors.

We next evaluate evidence of cross-region and cross-industry spillovers of trade shocks.

Changes in Local Labor Supply The impact of import competition on CZ population head-
counts summarizes the net effect of trade shocks on the pool of both potential workers and non-
working residents (e.g., children, elderly, and working-age non-participants). Labor supply responses
to negative labor demand shocks may in turn differ by worker age. Younger workers, in particu-
lar, are likely to be relatively mobile (Bound and Holzer, 2000). We examine the responsiveness of
population headcounts to greater import exposure separately for workers 18 to 24, 25 to 39, and
40 to 64 years old. This analysis is complicated by the fact that there are strong secular trends in
population growth across U.S. regions, which began well before the China trade shock (Blanchard
and Katz, 1992). Greenland et al. (2019) suggest that the approach used in Autor et al. (2013a) for
evaluating the impact of trade shocks on labor supply, which conditions on a control vector similar
36

to that in equation (2), does not account for such dynamics.”® Accordingly, when we estimate (2)

for log population headcounts, we additionally include as a control the log change in CZ population

36Estimation results for the employment-population ratio are not subject to this critique because using the ratio of
employment to population effectively differences out population growth trends.
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over 1970 to 1990 in order to capture longstanding trends in population growth.

Figure 7: Trade Shock Impact on Log Population Head Counts, 2000-2019

(a) Log population, ages 18-64 (b) Log population, ages 40-64
2000-2012 shock impact on log population 18-64 (2001 to 2019) 2000-2012 shock impact on log population 40-64 (2001 to 2019)
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(¢) Log population, ages 25-39 (d) Log population, ages 18-24
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Note: Panels (a)-(d) report 2SLS coefficient estimates for S5 in (2) and 95% confidence intervals for these estimates.
The dependent variable is the change in the specified log population headcount between 2000 and the year indicated
on the horizontal axis; the trade shock is the decadalized 2000-2012 change in CZ import exposure, as defined in (1)
and instrumented by (3); and control variables are the same as in Figure 5 plus CZ population growth over 1970 to
1990. Regressions are weighted by the CZ total population in 2000; standard errors are clustered by state.

Figure 7 reports estimation results for population headcounts. In Figure 7a, we find negative but
insignificant impacts of trade exposure on the size of the working-age population, though the point
estimates grow as the time interval lengthens. The next three panels of the figure make clear that
these negative effects are driven by one age group, those 25 to 39 years old. For adults ages 18 to
24 and 40 to 64, the impact of greater import competition on population headcounts is negative but
small and highly imprecisely estimated for all time differences. The finding of no net impact of trade

exposure on CZ populations is consistent with Faber et al. (2019), while the greater responsiveness
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of younger adults echoes Bound and Holzer (2000), who show that less-experienced workers are
more relatively more mobile in the face of adverse shocks. For the 2000-2019 time difference, the
coefficient estimate of —5.89 (t-value= —2.52) indicates that when comparing CZs at the 25! and
75! percentiles of trade exposure, the more-exposed CZ would have a —3.89 (—5.89 x [1.17 — .51])
percentage-point larger decrease in headcounts for this age group. For comparison, the 75— 25"
percentile difference in population growth across CZs for individuals ages 25 to 39 over 2000 to 2019
was 20.96 (= 16.08 + 4.84) percentage points. Cross-CZ spillovers transmitted via net migration
appear to be modest and concentrated on a narrow age group.

The greater mobility of the foreign-born may contribute to the labor-supply responsiveness to
the China trade shock seen in Figure 7 (Cadena and Kovak, 2016). To explore this channel, we
use Census and ACS data to evaluate the impact of trade exposure on population headcounts by
nativity. Appendix Figure A12 summarizes regressions for two time differences: 2000 (using data
from the 2000 Census) to 2010 (using data from the combined 2006-2010 ACS 1% samples), and 2000
to 2019 (using data from the combined 20152019 1% samples).?” All other variables are the same
as in the regressions in Figure 7. The impact of trade exposure on the total working-age population
is negative for both the 2000-2010 (8 = —2.42, t-value = —1.92) and 2000-2019 (5 = —3.47, t-value
= —1.84) time differences, and marginally significant in each case. When we examine the impact on
the native-born population, we find a smaller and much less precisely estimated effect: the impact
coefficient for 2000 to 2019 is —0.75 (t-value = —0.79). This contrasts with impacts on the foreign-
born, for which greater import competition significantly reduces population headcounts over 2000 to
2019 (8 = —6.79, t-value = —2.05). When looking at age subgroups within these populations, we see
negative significant impacts of import competition on native-born workers ages 25 to 39 (5 = —5.03,
t-value = —2.29), which aligns with the results in Figure 7, and on foreign-born workers ages 40 to
64 (f = —12.70, t-value = —2.08). Whereas native-born labor-supply responses are strongest for

younger workers, for the foreign-born they are strongest for older workers.?®

3"Because of small population counts of the foreign-born in many CZs in any individual year., we use combined
five-year ACS samples rather than the combined three-year samples used in Appendix Figure A10.

38Bound and Holzer (2000) and Notowidigdo (2020) document that non-college adults are less mobile geographically
than the college-educated in response to adverse shocks. In Appendix Figure A12, we use the 2000-2010 and 2000-2019
Census-ACS samples to evaluate the impact of trade exposure on population headcounts for the native and foreign-
born of working age, separated into non-college and college adults. For the native-born over the 2000 to 2019 horizon,
trade exposure does have larger negative impacts on headcounts for college than non-college adults, but neither impact
is close to precisely estimated. For the foreign-born, negative trade impacts on headcounts are substantially larger
overall, though they are greater in magnitude for non-college adults, and precisely estimated only for this group.
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Gravity Based Trade Shocks To evaluate how changes in labor-market outcomes in one region
affect outcomes in other regions, Adao et al. (2019a) build a general equilibrium trade model that
captures such spillovers explicitly and generates reduced-form equilibrium conditions that have a
shift-share structure. If national industries are subject to exogenous shocks, such as reform-induced
growth in Chinese manufacturing, then employment and wages in regional economies will be affected
through two channels. One is through changes in local industry revenue, which in the case of greater
import competition will place downward pressures on local wages and employment, as captured by
changes in import penetration in (2). Second, in the presence of cross-region spillovers, wages and
employment in one region will also be affected by localized changes in import penetration in other
regions, whether through cross-CZ trade or migration. For a given CZ, shocks to other CZs will
matter more the larger and the closer are these other markets, as dictated by the gravity structure
of trade. Adao et al. (2019a) quantify this cross-region spillover by adding to the specification in
equation (2) the gravity-weighted changes in import competition all other regions (i.e., the sum of
the trade shock in each region weighted by the size of and the distance to that region).

We incorporate their approach by estimating an extended version of equation (2) that includes
a gravity-based measure of trade exposure in other CZs. Appendix A.5.3 provides details on the
estimation and reports results. For all time differences, the impacts of own-CZ trade shocks are very
similar in magnitude and significance to those in Figure 5. The impacts of gravity-based trade shocks
are small and imprecisely estimated, both for manufacturing employment and non-manufacturing

employment-population ratios. Evidence of gravity-based spillovers appears to be weak.

Cross-Industry Spillovers The literature also investigates spillovers in trade shocks between in-
dustries, which may operate both within and across regions. On within region transmission, Autor
et al. (2014) find that workers’ earnings are adversely affected both by shocks to their own industry
of employment and by shocks to the industries of other workers in the same CZ (as captured by the
average trade shock for these workers’ industries). Acemoglu et al. (2016) and Pierce and Schott
(2016) document spillovers that operate through input-output linkages in industry supply chains.
Rising U.S. furniture imports from China, for instance, may cause U.S. factories in this downstream
industry to reduce purchases of inputs from the upstream sectors with which it is linked—planed

lumber, plywood, woodworking machinery, textiles, screws, and adhesives. Because buyers and sup-
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pliers often locate near one another, much of the impact of increased trade exposure in downstream
industries may transmit to suppliers in the same regional market. Using US input-output data to
construct upstream (supplier) and downstream (customer) import exposure shocks for both manu-
facturing and non-manufacturing industries, Acemoglu et al. (2016) estimate negative employment
effects in industries whose customer industries are directly trade-exposed. Conversely, they find
little evidence for differential employment changes in industries whose suppliers are directly trade-
exposed. Trade exposure thus appears to primarily propagate upstream in the supply chain—that

is, from trade-exposed customers to their suppliers.

4.3 Personal Income, Labor Compensation, and Government Transfers

Adverse impacts of trade shocks on local labor demand are likely to reduce labor income, especially
among low—wage workers. Chetverikov et al. (2016) and Autor et al. (2019) find that greater exposure
to import competition from China caused larger relative reductions in earnings in the bottom four
deciles of earnings distributions within CZs, where declines were larger for men than for women.
Yet, impacts of trade exposure on labor earnings provide only a partial sense of the consequences for
economic activity. Reductions in the employment-population ratio in a commuting zone may dampen
demand for local goods and services and housing, possibly reducing revenues flowing to local business
owners and landlords. Feler and Senses (2017) document negative impacts of the China trade shock
on CZ housing values and property tax revenues, though they do not find evidence that more trade-
exposed commuting zones saw larger declines in the number of business establishments. Declines
in local income may in turn trigger greater uptake of government transfers, as more individuals
qualify for means-tested government assistance or elect to retire and begin to receive Social Security
income. Autor et al. (2013a) find that trade exposure caused an increase in government transfer
receipts in adversely affected commuting zones, with most of the uptake accounted for by retirement,
disability, and medical benefits. These prior analyses extend only through 2007, however, so they
do not illuminate the long-run impact of the China trade shock on local area income.

To fill in this picture, we examine how trade exposure affects the components of personal in-
come per capita. BEA estimates of local area personal income include wages, salaries, bonuses,
employer contributions to health and pension plans, proprietor income (income of sole proprietor-

ships, partnerships, tax-exempt cooperatives), financial returns (rent, interest, dividends, realized
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capital gains), government transfers (both cash and in-kind), and adjustments to capture income
by place of residence. By including as many sources of income as possible, and by seeking to assign
income according to the place of residence of recipients, BEA personal income per capita approxi-
mates aggregate local income per capita and is therefore suitable for evaluating the distributional

consequences of trade exposure across CZs.

Figure 8: Trade Shock Impact on Income, 2000 to 2019

(a) Log personal income per capita (b) Log government transfers per capita
2000-2012 shock impact on log personal income per capita (2001 to 2019) 2000-2012 shock impact on log government transfers per capita (2001 to 2019)
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(c) Log total labor compensation per worker

2000-2012 shock impact on log wages and salaries per worker (2001 to 2019)
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Note: Panels (a)-(c) report 2SLS coefficient estimates for 815 in (2) and 95% confidence intervals for these estimates.
The dependent variable is the change in the specified outcome between 2000 and the year indicated on the horizontal
axis; the trade shock is the decadalized 2000-2012 change in CZ import exposure, as defined in (1) and instrumented

by (3); and control variables are the same as in Figure 5. Regressions are weighted by the CZ population in 2000;
standard errors are clustered by state.

Estimation results appear in Figure 8, where outcomes are in terms of log income and transfers

relative to the total population of a CZ, except for total labor compensation, which is relative
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to wage and salary employment.?” The impact of exposure to import competition on personal
income per capita in Figure 8a is negative at all time horizons and precisely estimated for most time
differences from 2000 to 2014 forward. Negative effects reach their peak for the 2000 to 2015 time
difference, for which the impact coefficient is —3.64 (t-value = —2.55). The moderately attenuated
coefficient estimate of —2.66 (t-value = —1.90) for the 2000 to 2019 time difference indicates that
for CZs at the 25" and 75" percentiles of trade exposure, the more-exposed CZ would have a 1.76
(—2.66 x [1.17 — .51]) percentage point smaller increase in personal income per capita over 2000 to
2019, which compares to the 25" — 75! percentile difference in the growth of personal income per
capita over 2000 to 2019 of —12.2 (= 21.3 — 33.5) percentage points. Consistent with Autor et al.
(2013a), we see in Figure 8b that more trade-exposed CZs had larger increases in government transfer
receipts per capita, which remain elevated through 2019. For the 2000 to 2019 time difference, the
impact coefficient of 4.03 (t-value = 2.75) implies that at the 75" 25" percentile difference in
trade exposure, the more exposed CZ would have a 1.81 (2.75 x [1.17 — .51]) percentage point larger
increase in transfers per capita over the time period, relative to the 75" — 25" percentile difference
in the growth of transfers per capita of 10.90 (= 67.6 — 56.7) percentage points.

In Appendix A.5.4, we further explore the impact of trade shocks on government transfers by
program type. Consistent with results in Autor et al. (2013a) for earlier time periods, adjustments in
Social Security and Medicare benefits account for most of the responsiveness in government transfers
induced by greater import competition, where the magnitude of these benefit gains expands as the
time horizon lengthens. To receive these benefits, an individual must have left the labor force,
either through retirement or by being declared medically unable to hold a job. The primary means
through which government transfers replace labor income lost due to import competition is thus by
accommodating an exit from paid work, which may help account for the long-run negative effects
of trade exposure on employment-population ratios we see in Figure 5. Despite trade-induced lower
incomes, means-tested government programs meant to provide income assistance to poor households
are instead largely unresponsive to greater import competition.

The negative overall impact of trade exposure on personal income implies that uptake of govern-
ment transfers, though clearly responsive to greater import competition, did not fully offset income

losses from other sources. To probe the origin of these losses, we examine how trade exposure affected

39We normalize personal income by the total (rather than working-age) population, given that non-working-age
individuals may earn income from non-labor sources and receive government transfers of various kinds.
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the non-transfer components of personal income: total labor compensation (wages, salaries, bonuses,
employer benefits, shown in Figure 8c), financial returns, and proprietor income (shown in Appendix
Figure A14).%0 CZs facing greater trade exposure had smaller increases in all income sources. Ag-
gregating across these sources, for the 2000 to 2019 time difference, the impact coefficient on all
personal income except government transfers is —3.99 (t-value = —2.40) (Figure Al4a). At this
horizon, the 25"~ 75" percentile difference in trade-exposure impact of —2.64 (—3.99 x [1.17 — .51])
percentage points compares to the 25" — 75t percentile difference in non-transfer income growth
of —13.1 (= 14.5 — 27.6) percentage points. From equation (2), the trade-induced log change in
personal income per capita over 2000 to 2019 equals the sum of the product of the change in import
penetration over 2000 to 2012, the impact coefficient for each component of personal income, and
the initial share of each component in personal income. The 2000-2019 trade-induced change in
government transfers of 0.53 (= 0.89 x 4.0 x .15) percentage points would have only offset 16% of

the 3.01 (= —0.89 x 3.99 x .85) percentage point trade-induced decline in other income sources.

4.4 Heterogeneity in Impacts across Regions

We have so far focused on the average response of commuting zones to import competition, which
provides insight into the overall implications of the China trade shock. These average impacts
mask heterogeneity in how CZs adjust to adverse shocks. Among the most trade-impacted CZs,
there is wide variation in initial industrial specialization and labor-force composition (see Appendix
Table A4). Consider, for instance, North Hickory (2000 population 378k), and Raleigh-Cary (2000
population 1,420k), both of which are located in North Carolina. Over 2000 to 2012, the two
CZs were each above the 95" percentile of trade exposure, with increases in import penetration
of 4.4 percentage points for the industries in North Hickory and 3.4 percentage points for those in
Raleigh-Cary. However, these towns entered the 2000s with distinctly different economic structures.
North Hickory was a traditional factory town. In 2000, 43.0% of its working-age population had
a manufacturing job and just 15.6% had a bachelor’s degree. Raleigh-Cary, by contrast, was more
educated and industrially diversified. In 2000, 34.2% of its working-age population had at least a

college degree, and only 17.0% worked in manufacturing. These initial differences may have shaped

490ver the 2000 to 2019 period, the share of labor compensation in CZ personal income fell from 66.6% to 60.6%,
while the income share of financial returns rose from 18.5% to 19.6%, the income share of government transfers rose
from 12.6% to 17.9%, and the income share of proprietor income was unchanged at 8.7%.
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how the two commuting zones responded to the large and sudden increase in import competition.

A substantial literature documents that U.S. regions with fewer college-educated workers have
grown less rapidly (e.g., Glaeser et al., 1995; Behrens et al., 2014; Diamond, 2016) and have seen
larger declines in employment rates (Austin et al., 2016). To explore the role that a “dearth of
human capital” contributes to poor adjustment to the China shock, we separately examine CZs that
initially had smaller versus larger supplies of college workers.

Other work studies how greater specialization leaves regions more exposed to industry-specific
shocks (e.g., Feyrer et al., 2007; Michaels, 2011). Many of the labor-intensive U.S. industries exposed
to trade with China were agglomerated in small and medium-sized cities in the U.S. Southeast and
Midwest (Ellison et al., 2010). Existing work documents that the impact of the China shock was
greater in CZs that at the outset had lower employment rates (Austin et al., 2016) and were more
specialized in mature industries positioned later in their product cycles (Eriksson et al., 2019).* We
explore the role that “reverse agglomeration” contributes to poor adjustment to the China shock, we
separately analyze CZs that initially were less versus more industrially specialized.

Figure 9 presents estimates in which we divide the sample of CZs into groups based on whether
the share of the college-educated in their working-age populations was above or below the population-
weighted national median in 2000. There are 336 CZs in the former group and 386 in the latter group.
We consider four outcomes: the manufacturing employment-population ratio, the total wage and
salary employment-population ratio, the log working-age population, and log personal income per
capita. To keep the time horizon the same across outcomes, we evaluate time differences from 2001
to 2002 to 2001 to 2019. To control the false discovery rate when evaluating differences in coefficient
estimates across sample splits, we compute and display minimal Benjamin-Hochberg ¢-values based

on the number hypotheses being tested.*”

“Tn Bragil, Dix-Carneiro and Kovak (2017) document that regional manufacturing continued to decline well after
trade reform had permitted greater import competition, in a manner consistent with agglomeration economies.

42The number of hypotheses (144) is the product of the four outcomes, 18 years in the sample, and two sample
splits. In the standard Benjamini-Hochberg procedure, hypotheses are ranked according to their unadjusted p-value.
For a fixed significance level g, the researcher rejects all hypotheses that satisfy p < gr/M, where p is the p-value,
r is the rank of the p-value, and M is the number of hypotheses being tested. Following the step-up method in
Anderson (2008), we find the smallest ¢ at which each null hypothesis can be rejected. In Figures 9 and 10, we show
the coefficients whose differences across sample splits have a minimal g-value of less than 0.05 with solid markers, and
use hollow markers everywhere else.
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Figure 9: Heterogeneity in Trade Shock Impacts: Initial College Educated Population

(a) Manuf. employment/Working-age pop. (b) Wage & salary employment/Working-age pop.
2000-2012 shock impact on manuf. employment-population 18-64 (2002 to 2019) 2000-2012 shock impact on wage & salary employment-population 18-64 (2002 to 2019)
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Note: Panels (a)-(d) report 2SLS coefficient estimates for S5 in (2) and 95% confidence intervals for these estimates.
Coefficient estimates whose differences have a minimal Benjamini-Hochberg g-value of less than 0.05 are shown with
solid markers (with hollow markers for other estimates). Estimates are reported for two samples: the 386 CZs whose
share of the college educated in the working-age population was below the population-weighted national median in
2000, and the complementary set of 336 CZs. The dependent variable is the change in the indicated measure between
2001 and and the year on the horizontal axis; the trade shock is the decadalized 2000-2012 change in CZ import
exposure as defined in (1) and instrumented by (3); control variables are the same as in regressions reported in Figure
5. Regressions in panels (a)-(c) are weighted by the CZ working-age population in 2000; regressions in panel (d) are
weighted by the CZ total population in 2000. Standard errors are clustered by state.

Although both higher and lower-educated CZs experienced declines in manufacturing employ-
ment, the negative impacts of trade exposure on overall employment in Figure 5 are concentrated in
CZs with relatively few college-educated workers, as shown in Figures 9a and 9b. These results are
consistent with those in Bloom et al. (2019), who study the 1992 to 2012 time period. For the 2001
to 2019 horizon, the first two figures show that in less-educated CZs, a one percentage point increase

in import penetration over 2000 to 2012 predicts a 1.74 (t-value = —4.07) percentage point decrease
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in the manufacturing employment-population ratio and a 2.47 (t-value = —3.59) percentage point
decrease in the total wage and salary employment-to-population ratio. Across all CZs (see Figure 5),
trade-induced changes in manufacturing and total employment-population ratios are very similar at
long horizons, indicating that employment impacts on non-manufacturing employment are null. For
CZs with relatively few college workers, the substantially larger impact on total employment than on
manufacturing employment reveals a negative impact of trade exposure on non-manufacturing em-
ployment, as shown in Appendix Figure A17. Despite manufacturing job losses being compounded
by non-manufacturing losses in these CZs, there is no effect of trade exposure on the log working-age
population (Figure 9c). It thus appears that more trade-impacted CZs with fewer college-educated
workers did not experience differential out-migration, though they did experience larger declines in
personal income per capita, as shown in Figure 9d. Since economically-motivated migration would
tend to mitigate the local disemployment effects of trade exposure, one interpretation of these results
is that the lack of migration is both symptom and cause of the slow adjustment process.

In CZs with more-educated working-age populations, the pattern of adjustment is qualitatively
different. Impacts of trade exposure on manufacturing employment (Figure 9a) are negative, but
somewhat smaller and less precisely estimated. Impacts on the total wage and salary employment-
population ratio are small and imprecise for short time differences and then become large, positive,
and marginally significant for long time differences. For the 2001-2016 time difference and beyond,
we easily reject that impact coefficients for wage and salary employment-population are the same
in more- versus less-educated CZs. This trade-induced increase in the total employment-population
ratio must imply a corresponding positive impact of trade exposure on the non-manufacturing-
population ratio, as seen in Appendix Figure A17.

As critically, more-educated CZs adjusted to adverse trade shocks in part through net out-
migration. For all time differences except 2001 to 2006, we reject that impact coefficients on the
working-age population are equal for more versus less-educated CZs. At the 2001 to 2019 time
difference in more-educated CZs, a one percentage point increase in import penetration is predicted
to cause a 9.13 (t-value = —3.31) percentage point decrease in the working-age population, or an
annual population decline of approximately one-half a percentage point. The impact coefficient on
log non-manufacturing employment at the 2001 to 2019 time difference of 6.04 (t-value = 2.37,

Appendix Figure A17b) implies that more of the increase in the non-manufacturing employment
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population ratio occurred through the out-migration of labor rather than through greater job growth.
Like less-educated CZs, more-educated CZs also see negative impacts of trade exposure on personal
income per capita (Figure 9d). Distinct from less-educated CZs, these impacts reach their maximum
negative value for the 2001 to 2012 time difference and then diminish over time, becoming close to

zero for the 2001 to 2016 horizon and beyond.*?

Figure 10: Heterogeneity in Trade Shock Impacts: Initial Industry Specialization

(a) Manuf. employment/Working-age pop. (b) Wage & salary employment/Working-age pop.
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Note: Panels (a)-(d) report 2SLS coefficient estimates for S5 in (2) and 95% confidence intervals for these estimates.
Coefficient estimates whose differences have a minimal Benjamini-Hochberg g-value of less than 0.05 are shown with
solid markers (with hollow markers for other estimates). Estimates are for two samples: the 619 CZs whose Hirschman
Herfindahl Index of industry specialization was above the population-weighted national median in 2000, and the
complementary set of 103 CZs. The dependent variable is the change in the indicated measure between 2001 and and
the year on the horizontal axis; the trade shock is the decadalized 2000-2012 change in CZ import exposure as defined
in (1) and instrumented by (3); control variables are the same as in regressions reported in Figure 5. Regressions in
panels (a)-(c) are weighted by the CZ working-age population in 2000; regressions in panel (d) are weighted by the
CZ total population in 2000. Standard errors are clustered by state.

43 Appendix Figures A17c and A17d show that in both more and less-educated CZs trade exposure induced an
increase in government transfers per capita, with the majority of this increase accounted for by payments related to
Social Security and Medicare.
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Next, we consider a second dimension of heterogeneity in adjustment to the China trade shock.
In Figure 10, we split the sample of CZs by their industrial specialization in 2000, which we measure
using a Hirschman-Herfindahl Index (HHI) equal to the sum of the squared shares of CZ employment
in each industry.** There are 103 CZs with HHIs above the population-weighted median, and 619 CZs
with HHIs below it. The uneven split in CZs across the two groups reveals, unsurprisingly, that large
commuting zones are less specialized by industry than smaller and medium-sized CZs. In Figures
10a and 10b, it appears that the negative impacts of trade exposure on manufacturing and wage and
salary employment across all CZs are driven predominantly by smaller, more industrially-specialized
commuting zones. For these CZs, there are negative and significant impacts of greater import
competition on manufacturing employment and total wage and salary-employment-population ratios.
For less specialized CZs, impacts on manufacturing employment are small, negative and imprecise,
and impacts on total employment are null. In the more-specialized CZs (Figure 10c), but not in
the less-specialized ones (Figure 10c), trade exposure induces larger decreases in the working-age
population. Despite this, employment-population ratios decline by relatively more in more trade-
exposed and more specialized CZs. Our conclusions about differences in adjustment between more
and less-specialized CZs are tentative, however, given that for most time horizons and outcomes we

cannot reject that impact coefficients for the two groups of CZs are the same.

4.5 Putting the Pieces Together

The first wave of China shock research found that greater import competition caused localized job
loss in manufacturing, declines in earnings for low-wage workers, and greater economic distress across
a wide range of outcomes. The primary mechanism of adjustment to trade exposure was exit from
work, rather than increased employment in non-manufacturing or migration to other regions. The
impacts of rising import competition, originally documented for 1991 through 2007, are manifest
out to 2019, nearly two decades after China’s accession to the WTO in 2001 and nine years after the
plateau of China’s export surge. More trade-impacted CZs suffered durable increases in joblessness
and decreases in personal income per capita that are not close to being offset by government trans-
fers. The resulting economic distress appears to be most acute in local labor markets that lacked

abundant supplies of college-educated workers—consistent with the dearth of human capital hy-

44We construct these HHIs using ACS data for 2000 and the 1990 Census industry classification code.
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pothesis—and that were narrowly specialized in labor-intensive manufacturing—consistent with the
reverse agglomeration hypothesis. For CZs such as North Hickory, North Carolina, the consequences
of the China trade shock have been profound and long-lasting.

There are other plausible explanations for the lack of an out-migration response to the China
trade shock. These include downward pressure on housing values in contracting CZs (Feler and
Senses, 2017), which for renters may have diminished the pressure to leave and for homeowners
may have complicated selling their homes (Glaeser and Gyourko, 2005; Notowidigdo, 2020). Lower
housing values may have further blocked local recovery by slowing the formation of new businesses,
which are often financed using home equity (Davis and Haltiwanger, 2019).*> It does not appear,
however, that regional variation in labor market regulations account for differential adjustment to
the China shock. The impacts of trade exposure were no less acute in CZs located in right-to-work
states or states with lower minimum wages (Chan, 2019).

There are alternative characterizations of the China trade shock, which deserve mention. One is
that the U.S. labor market is too dynamic for the China shock to have mattered much. If every year
millions of jobs are created and millions of jobs are destroyed, how could job loss in a collection of
factory towns be important? A second is that manufacturing job loss would have happened anyway.*°
That is, import competition from low-wage countries other than China (Hanson, 2000), rising capital
intensity in manufacturing (Fort et al., 2018), and the availability of industrial robots (Acemoglu and
Restrepo, 2020) would ultimately have closed factories and displaced workers, irrespective of China’s
rise. Both lines of thought ignore how the China trade shock was highly concentrated in place and
time. The concentration in place was due to the relocation of manufacturing to smaller cities and
towns over the 20" century, made possible by the maturation of industrial production (Eriksson
et al., 2019), and improved transportation (Kim, 1995; Michaels, 2008). The concentration in time
was due the speed of China’s rise and the immensity of its economy (Naughton, 2007). The scarring
effects of job loss in trade-exposed CZs was made more acute by this job loss occurring during trade-

induced local economic recessions (Jacobson et al.; 1993; Davis and von Wachter, 2011). Workers

“>Housing market regulations in large U.S. cities could also have impeded adjustment in trade-exposed regions.
Inelastic housing supply in major cities, due in part to housing regulations (Glaeser et al., 2005), may hinder low-
wage workers in the Heartland from moving to expensive coastal cities (Hsieh and Moretti, 2019).

46 A related argument, that it was technological change and not import competition that caused manufacturing job
loss in trade-exposed CZs, has two weaknesses. One is that the cross-CZ correlation between exposure to automation
and exposure to import competition is very low (Autor et al., 2013b); a second is that there was no obvious abrupt
acceleration in technological change after 2001 (indeed, productivity growth slowed after 2004).
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were not just losing their jobs, they were experiencing the dislocating effects work disappearing in

their communities (Wilson, 2011; Autor et al., 2019; Charles et al., 2019).

5 Was the China Shock Unique?

A question arises whether the China trade shock was a singular event with limited relevance for other
shocks, or whether it holds general lessons about concentrated job loss. The regional consequences
of trade-induced employment contractions in the United States mirror those of the broader decline
of manufacturing. Charles et al. (2019) document that U.S. commuting zones suffering greater job
loss in manufacturing after 2000—whether because of import competition, automation, or other
forces—had larger declines in employment rates and wages out to 2017. We do not know, how-
ever, whether this pattern of adjustment is closely comparable to shocks that are not specific to
manufacturing or that occurred at other moments in time.

To provide a benchmark against which to compare the China trade shock, we examine outcomes
associated with two other major events whose impacts were also highly localized. One is the decline
of the coal industry, which after 1980 suffered two decades of contraction due to changes production
technology and energy demand (Black et al., 2005; Jacobsen and Parker, 2016).*" A second is the
Great Recession, in which a housing collapse and subsequent credit freeze differentially affected U.S.
regions (Mian and Sufi, 2014; Charles et al., 2018; Beraja et al., 2019; Yagan, 2019). The first
episode lets us evaluate long-run adjustment to a sectoral shock during an earlier period, while the

second involves adjustment to an unusually deep cyclical shock.

5.1 Labor Market Adjustment to the Decline of Coal

The secular decline of employment in the coal industry is a case of a spatially concentrated shock
that precedes the China’s rise. Figure 11 plots employment in U.S. coal mining and, for reference,
employment in U.S. manufacturing, each expressed as the log for a given year relative to the log
value in 1980. There was a boom in coal production during the 1970s due to a spike in energy prices
caused by the decade’s two major oil price shocks. Employment in coal rose from 140,600 workers in

1969 to 263,600 workers in 1979. After 1980, coal prices began an extended decline. Employment in

470On regional boom and bust cycles in energy production, see Michaels (2011), Allcott and Keniston (2017), Feyrer
et al. (2017), Bartik et al. (2019), Clay and Portnykh (2018) and Kearney and Wilson (2018).
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Figure 11: Employment Decline in Coal Production vs. Manufacturing
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coal followed suit, falling to 151,200 workers in 1990 and to 80,400 workers in 2000. After rebounding
modestly in the 2000s, coal employment plummeted after 2011. Given these patterns, we specify
the coal shock as the change in coal employment over 1980 to 2000. Our analysis builds on Black
et al. (2005), who find that during the 1983-1993 coal bust, counties more specialized in coal (as
indicated by initial coal reserves) in Kentucky, Ohio, Pennsylvania, and West Virginia had larger
decreases in employment rates, total earnings, and earnings per worker. We expand their analysis
forward in time from 1993 to 2019 and include all U.S. commuting zones.*®

To evaluate local labor market adjustment to the decline of coal, we adapt the specification in

equation (2) to the following:

AYipn = ap + BinAS S + Xy o + i, (4)
where AYj;1p is the change in an outcome for CZ i between year t + h for h = —5,...,39, and the
base year t = 1980; and ASSfoal is a shift-share variable that projects the coal shock onto CZ 1,

and Xj; is a vector of controls. We specify the decadalized shift-share coal shock as,

100 L; : ;
! 1980 _ _
ASquoa == (20) X Lliclgg() [ln Lcozal,2000 —In Lcolal,1980 ’ (5)

“8Because CZs are aggregates of counties, our analysis may dampen the county-level effects in Black et al. (2005).
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where L;c1980/Li19so is the share of coal production in the employment of CZ i in 1980, and the
term in brackets is the log change in national employment in coal production over 1980 to 2000,
outside of the state in which CZ ¢ is located. To facilitate interpretation, in the regression analysis
we multiply the shock in (5) by —1, such that a higher value of the shift-share variable indicates
a larger negative change. The population-weighted mean of this projected employment change is
0.22 (0 = 1.25) percentage points.*’ Control variables in the regression include a dummy for the CZ
having positive coal employment in 1980, time trends for Census region divisions, and parallel to
above, values in 1980 for the share of CZ employment in manufacturing, the share of women in CZ
employment, the share of the college educated in the CZ population, and the share of the foreign born
in the CZ population. Because of the spatial concentration of coal deposits, the shock hit a relatively
small number of commuting zones: just 258 (35.7%) of CZs had positive coal employment in 1980,
and the population-weighted median value of the shock is only 0.001 percentage points. By contrast,
the shocks at the 90" and 95" percentiles were 0.19 and 0.83 percentage points, respectively.
Estimation results appear in Figure 12. The impact coefficients for the ratio of wage and salary
employment to population (Figure 12a) become increasingly negative during the 1980-2000 shock.
They are largest for the 1980-2003 horizon (—0.48, t-value= —3.98), and remain negative for all
horizons out to 1980 to 2019, though the estimates for the longest time windows lack statistical
precision. For the 1980 to 2006 difference—on the eve of the Great Recession and 26 years after
coal’s decline had begun—the impact coefficient of —0.39 (t-value= —2.94) indicates that a CZ
subject to a 1980-2000 coal shock at the 95" percentile of intensity would have experienced at
0.32 (=0.39 x [0.83 — .001]) percentage point larger decline in its wage and salary employment-
population ratio than a CZ at the median of shock intensity. For context, over 1980 to 2006 the
5t — 50" percentile difference in the change in employment-population was —9.4 percentage points.
In Figure 12b, we see that CZs more exposed to the decline of coal also had larger reductions
in total labor compensation per worker, which persist well beyond the 1983-1993 period studied in
Black et al. (2005) and are precisely estimated at long horizons. Over the 1980 to 2019 (5 = —1.05,
t-value= —2.46), a CZ subject to a coal shock at the 95" percentile of intensity would have seen a

0.88 (= —1.05 x [0.83 — .001]) log point greater decline in average labor income.

49Given our shock definition, this indicates that the average change in coal employment across CZs was negative.
The correlation between the coal shift-share variable (5) and the China shock shift-share variable (2) is —0.08.
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Figure 12: Local Labor Adjustment to the Decline of Coal

(a) Wage & salary employment/Working-age pop. (b) Log labor compensation per worker

Decline of coal impact on wage & salary employment/pop 18-64 (1975 to 2019) Decline of coal impact on log wages and salaries per worker (1975 to 2019)
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Note: Panels (a)-(c) report 2SLS coefficient estimates for 815 in (4) and 95% confidence intervals for these estimates.
The dependent variable is the change in the indicated measure between 1980 and and the year on the horizontal axis;
the coal shock is defined in (5); control variables in the regression include a dummy for the CZ having positive coal
employment in 1980, time trends for Census region divisions, and values in 1980 for the share of CZ employment in
manufacturing, the share of women in CZ employment, the share of the college educated in the CZ population, and
the share of the foreign born in the CZ population. Regressions are weighted by the CZ working-age population in
1980; standard errors are clustered by state.

Given these lasting adverse labor market impacts of the coal shock, one might expect that heavily
exposed CZs saw substantial population declines. However, Figure 12c¢ shows that the impact of
exposure to the coal shock on population headcounts is small and imprecisely estimated for the first
two decades after the coal contraction began. Larger negative population responses appear only well
after 2000, and are statistically significant only for time periods beyond 1980 to 2016. For the 1980
to 2019 difference, the impact coefficient of —1.33 (t-value= —2.15) indicates that a CZ subject to

a coal shock at the 95 percentile of intensity would have had a 1.22 (= —2.23 x [0.83 — .001]) log
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point larger decline in its working-age population when compared to a CZ at the median of shock
intensity. These impacts are small and do not appear until 25 years after the shock initiated.
Qualitatively, Figure 12 indicates that the reaction of employment, earnings, and population
to the coal shock was similar to the response to the China import shock (see Figures 5, 7 and
Al14). In both cases, CZs with greater exposure to the adverse sectoral shocks suffered declines in
employment and earnings that persisted well beyond the period reaching peak intensity. These local
labor markets eventually saw a decline in population but that decline was neither immediate nor
large. Despite these qualitative similarities between the coal shock and the China trade shock, there
is a substantial quantitative difference between the two. Whereas the Figure 5 estimates suggest that
the China shock induced a decline in the wage and salary employment-population ratio of —1.55
(= —1.74 x 0.89) percentage points between 2001 and 2019, the corresponding employment decline
for the coal shock was only —0.04 (= —0.198 x 0.22) percentage points per decade from 1980 to
2019.°° The much smaller average impact of the coal shock may be unsurprising given that only
a subset of CZs produce coal. Nor did the coal shock generate the extremes of variation in labor
market outcomes across CZs that we observe for the China trade shock. Although wage and salary
income per worker in a CZ at the 95" percentile of exposure to the coal shock declined by 0.88 log
points more than in a CZ at the 5" percentile over the 1980-2019 period, the differential impact of
the China shock on wages from 2000 to 2019 was three times as large when comparing CZs at the

75t and 25" (instead of 95" and 5t") percentile of exposure.

5.2 Labor Market Adjustment to the Great Recession

As a second point of comparison, we evaluate local labor market adjustment to the Great Recession.
We adapt the specification in (4) where AYj;1p, becomes the change in an outcome for CZ i between
year t + h for h = —5,...,13, and base year ¢ = 2006; and ASSY" is a shift-share variable that
projects the Great Recession onto CZ ¢, and X;; is a vector of controls. The NBER dates the Great
Recession as beginning in December 2007, and ending in June 2009. Because U.S. housing markets,
which played a major role in the downturn, began contracting in 2006 (Charles et al., 2016), we

specify the shock as commencing in that year. We estimate (4) for 19 separate time periods: five

50We obtain these estimated impacts by multiplying the impact coefficient for the wage and salary
employment/working-age population ratio (—1.74 for the China shock, —0.19 for the coal shock) that corresponds to
the longest time difference (2001 to 2019 for the China shock, 1980 to 2019 for the coal shock) times the decadalized
mean of the respective shock (0.89 for the China shock, 0.22 for the coal shock).
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periods before the shock begins (2001-2006 to 2005-2006), to check for pre-trends in outcomes; three

shock periods (2006-2007 to 2006-2009), to examine shock impacts as the shock intensifies; and 12

periods after the recession had ended (2006-2007 to 2006 to 2019), to evaluate longer-run adjustment.
Similar to (5), we specify the annualized Great Recession shock in shift-share form as,

ASSI" = — (3) X Z 75:2000 [m L3000 — 0 L 3006 | (6)

where L;j2000/ Li2ooo is the share of industry j in employment of CZ in the year 2000, and the term
in brackets is the log change in national employment in industry j over 2006 to 2009, outside of
the state in which CZ i is located. To help interpret the results, we again multiply the shock in
(6) by —1, such that a higher value indicates a larger negative projected change in employment.
The population-weighted mean of the shift-share variable is 2.19 (o0 = 0.73) percentage points—on
average, CZs faced strongly contractionary forces during the recession period. The control variables
included in the regressions are the same as those in the China shock regressions in (2).”!

Yagan (2019) documents that the recovery in unemployment rates after the Great Recession was
not matched by a recovery in employment rates. In CZs more adversely affected by the downturn,
employment rates were suppressed out to 2015. Charles et al. (2016) document further that declines
in employment rates were concentrated among the less-educated. We extend Yagan’s analysis out
to 2019, using CZ-level REIS data, as compared to his use of federal income tax records.

Estimation results appear in Figure 13. CZs more exposed to contracting industries during the
Great Recession saw larger declines in their employment rates (Figure 13a). Impact coefficients for
the wage and salary employment-population ratio become rapidly more negative as the recession
intensified, reaching their peak value for the 2006-2009 difference (8 = —1.60, t-value= —5.42).
As the post-2009 expansion began, CZs began to recover from earlier declines in employment; the
impact coefficient for the 2006-2016 period is less than one third the size of the 2006-2009 effect.
This recovery appears to stall in 2016, however. For the 2006 to 2019 long difference, CZs that
were more exposed to the Great Recession still register net declines in their employment-population
ratios. The impact coefficient of —0.76 (t-value= —2.11) at that horizon indicates that a CZ subject

to the mean Great Recession shock over 2006 to 2009 would have experienced a 1.66 (= 2.19 x 0.76)

! The correlation between the Great Recession shift-share variable in (6) (over 2006 to 2009) and the China Shock
shift-share variable in (2) (over 2000 to 2012) is 0.48. For robustness, in Appendix Figure A18 we replicate the results
in Figure 13 in which we include as a control variable the instrument for the China trade shock, as defined in (3).
Coefficient estimates and patterns of significance for the two sets of results are very similar.
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percentage point decline in its wage and salary employment-population ratio, relative to the mean

change for the 2006 to 2019 period of +2.20 percentage points (o = 3.89).

Figure 13: Local Labor Market Adjustment to the Great Recession

(a) Wage & salary employment/Working-age pop. (b) Log labor compensation per worker
Great Recession impact on wage & salary employment/pop 18-64 (2001 to 2019) Great Recession impact on log wages and salaries per worker (2001 to 2019)
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Note: Panels (a)-(c) report 2SLS coefficient estimates for 81 in (4) and 95% confidence intervals for these estimates.
The dependent variable is the change in the indicated measure between 2006 and and the year on the horizontal
axis; the Great Recession shock is defined in (6); control variables include initial-period CZ employment composition
(share of employment in manufacturing, routine-task-intensive occupations, and offshorable occupations, as well as
employment share among women), initial-period CZ demographic conditions (shares of the college educated, the

foreign born, non-whites, and those ages 0-17, 18-39, and 40-64 in the population), and Census region dummies.
Regressions are weighted by the CZ working-age population in 2001; standard errors are clustered by state.

In Figure 13b, we see that CZs more exposed to the Great Recession had larger declines in wage
and salary income. The impact reaches its maximum for the 2006-2011 time difference (5 = —1.41,
t-value= —3.52), then attenuates modestly through 2016, after which recovery stops. Over the
2006-2019 long difference, a commuting zone subject to the mean Great Recession shock would have

experienced a 2.45 (= —2.19 x 1.12) percentage point decline in compensation per worker.
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The enduring declines in employment ratio and labor income per capita over the period 2006
to 2019 could indicate persistent scarring effects of the Great Recession. However, Figure 13a
and 13b also show that CZs with greater exposure to the Great Recession had differentially faster
growth in employment and labor income leading up to the recession. To the extent that this faster
growth was driven by a temporary boom in construction that expanded employment and earnings
to unsustainable levels (Charles et al., 2016), one might expect that these variables would not
fully recover following the recession. Indeed, the Figure 13c estimates for population belie the
expectation of a lasting downturn in the CZs with greater exposure to the Great Recession. These
CZs experienced only modest and imprecisely estimated population declines during the recession,
and from 2006 to 2016 onward, had faster relative population growth. This rapid growth raises the
denominators for both the employment-population ratio and average wage and salary income, thus
helping to explain why the recovery of those outcomes stalls in exposed CZs after 2015. These CZs
were rapidly gaining population, which is likely a positive economic development.

In summary, we observe that Chinese import competition, the fall in demand for coal, and
the Great Recession each reduced employment and labor incomes as these shocks unfolded. CZs
with greater shock exposure did not experience large declines in population in any of these cases,
suggesting that migration did not disperse the local impacts of these shocks. CZ more exposed
to the Great Recession eventually experienced a substantial recovery of their employment rates,
and faster population growth. Those with greater exposure to the China or coal shocks instead
endured persistently depressed employment rates and labor income levels, combined with a slow
decline in population. The comparison with the coal shock in particular indicates that the China
shock’s long-lasting impact on CZ labor market conditions and the sluggish population response to
depressed local labor market conditions was not without precedent. However, the large magnitude
of the China shock, which had a sizable impact on many local labor markets in the US, sets it apart
from shocks such as the decline of the coal sector whose impact was more limited in scope. As
the United States prepares for potentially more job loss due to the ongoing energy transformation
and expected changes in oil and gas production, the failure of local labor markets to adjustment
successfully to the coal and China trade shocks reminds us that the adjustment process is typically

slow and sclerotic, unlike the textbook model of frictionless labor market adjustment.
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6 The Distributional Consequences of the China Trade Shock

Local labor markets more exposed to import competition from China suffered larger declines in
manufacturing jobs, employment-population ratios, and personal income per capita. These effects
persist for nearly two decades beyond the intensification of the trade shock after 2001, and almost
a decade beyond the shock reaching peak intensity. The absence of a substantial out-migration
response to the shock indicates that resident populations in exposed CZs bore the brunt of local job
loss and its repercussions. While it is not controversial to infer that trade-exposed commuting zones
suffered relatively larger losses on average in economic well-being than did less trade-exposed CZs,
these results do not reveal which if any CZs experienced absolute declines in average welfare or by
how much. Computing absolute effects requires combining reduced-form empirical analysis, which

estimates relative effects, with a general equilibrium model, which quantifies aggregate gains.

6.1 Quantitative General Equilibrium Analyses of the China Trade Shock

For individuals living in a given U.S. commuting zone, trade with China affects well-being by chang-
ing earnings and consumption possibilities. If economic reform in China raises its productivity in
labor-intensive manufacturing, economies with a comparative advantage in these industries would
see demand for their factor services contract, thus diminishing their consumption possibilities, while
economies whose comparative advantage lies elsewhere would see their factor demand and consump-
tion possibilities expand (Arkolakis et al., 2012). If labor is fully mobile across regions and sectors
within a country, as has traditionally been assumed in modeling trade shocks, then the change in
welfare would be common across regions. The evidence above clearly contradicts such baseline as-
sumptions; to a startling degree, trade shocks appear to have an enduring impact on the locations
in which their immediate impact is felt. To interpret cross-region differences in welfare impacts
emanating from trade shocks, theoretical models must incorporate frictions—normally labor market
frictions—that can give rise to the concentrated geographic impacts that we observe in the data.
As a benchmark for how labor immobility affects the welfare impact of the China trade shock,
consider the analysis in Galle et al. (2020).°? They combine an Eaton and Kortum (2002) model
of heterogeneous firms with a Roy (1951) model of heterogeneous workers (Lagakos and Waugh,

2013; Hsieh et al., 2019). Workers are immobile across regions and partially mobile across sectors.

2For an early welfare analysis of China’s trade expansion, see Hsieh and Ossa (2016).
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