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Abstract
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posed to the recent China-US trade war. Our analysis leverages a unique dataset of
job vacancies from a Chinese online job board, and a firm-level tariff-exposure mea-
sure built using custom transactions data. We find that firms more exposed to US tar-
iffs on Chinese goods responded by posting fewer job vacancies and offering lower
wages. The decrease in wages is partially balanced out by the increasing non-wage
compensations, indicating a shift in employer’s hiring decision in favor of a flexible
and performance-based pay. We also find a negative relationship between US-tariff
exposure and the firm’s education requirement in job ads, which is in line with the
finding that US tariffs disproportionately targeted relatively skill-intensive products.
Evidence on the effects of China’s retaliatory tariffs, however, is not found due to sta-
tistical insignificance. Our results suggest a negative impact of the trade war on both
firms and job-seekers in China.
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1 Introduction

Cost shocks to firms typically have an adverse impact on their performance in a compet-
itive environment. In some cases, they can be mitigated by adjusting the factor mix or
by switching to alternative production technologies. In the case of a tax or a tariff, the
cost shock is unrelated to a firms’ production technology or factor mix. Exposed firms’
products will become more expensive and face lower demand in markets where the tariff
applies. Lower sales and profits might force the firm to downscale, which also affects its
labor demand.

We document adjustments in labor demand to a cost shock for a sample of Chinese
firms that have been exposed to the recent China-US trade war. Relying on newly col-
lected information from online job-vacancy postings in China, we observe differential
responses across firms depending on the degree of their exposure to tariffs in the trade
war. Our analysis focuses on the most recent round of US tariff increases and subse-
quent Chinese retaliation in 2019.1 Combining this with monthly observations of online
job-postings (between May and November 2019), we evaluate within-firm adjustments in
labor demand along several dimensions.

The US-China trade war is a suitable setting for analyzing the effects of a cost-shock
on firms’ hiring behavior. The shock materializes in the form of ad-valorem tariffs that are
charged on specific Chinese goods when entering the United States. This means that the
cost-shock is exogenous from the perspective of the Chinese firm, assuming that it had
no control over the tariff schedules issued by the Trump administration in that period.
Moreover, unlike a minimum wage (for instance), US tariffs are the product- and not
factor-specific. Accordingly, the impact on labor demand would be less obviously driven
by factor substitution, but could rather be modeled as an adverse productivity-shock at
the overall firm level. Heterogeneity in exposure to the trade war across firms can still be
identified, as their revenues depend to a different degree on sales in the US. Besides their
exposure to US tariffs, we also analyze adjustments in response to China’s retaliation.
This occurred as China imposed own tariffs on US products, which potentially shelter
Chinese firms form external competition, but may also be hurtful if retaliation cuts off
input supply.

Despite its recency, there are already a number of studies quantifying the short-term
effects of the US-China trade war. Most studies focus on the US economy, such as Fa-
jgelbaum et al. (2019) and Amiti et al. (2019), who find that aggregate welfare effects are
modest. They might be much larger, however, in particularly exposed regions where Chi-

1See Bown and Kolb (2019) for a detailed description and sequence of events.
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nese retaliation appeared to depress local consumption and employment (Waugh, 2019;
Goswami, 2020). Adverse effects have also been documented in firm-level studies, es-
pecially for those relying on global supply chains and production networks that involve
trade with China. Huang et al. (2019) find that the new US tariffs on Chinese goods af-
fected stock-market returns and the default risk of firms. Handley et al. (2020) document
that US exporters that rely on imported inputs from Chinese perform significantly worse
than other exporters since the new tariffs have come into effect. Indeed, a recent study by
Meinen et al. (2019) finds that Chinese export revenues from goods subject to the recent
tariff hike decreased by 30 percent relative to non-affected products. We contribute to
the strand of literature by documenting new evidence regarding the connection between
trade policy and the firm’s labor demand and hiring decisions.

Our study reveals novel insights on the firm-level effects of this trade war and ex-
tends our understanding of its repercussions in the labor market. Different from existing
studies, we focus on firm-level demand for labor by analyzing online job-ads. A main
advantage of using online job advertisements is its rich information that is typically not
observable in firm-level census or survey data. This includes, for instance, the number
of open positions and their change over time, the average wage offered for a particular
job as well as the envisaged duration of the contract (i.e. fixed-term versus permanent).
Besides this, we are able to observe different forms of non-wage compensation (such as
special insurances or training) as well as specifications of job-requirements (e.g., previous
experience or educational background). To investigate responses along these dimensions,
we identify firms’ differential exposure to the trade war by using pre-sample period infor-
mation of their trade relationships documented in official statistics form China Customs.
Firms trading more with the US and trading goods that were subject to new tariffs will be
considered as being more exposed to the trade war.

Our findings suggest that firms exposed to higher US tariffs responded by posting
systematically lower numbers of job ads. On average the reduction amounts to about
15 percent. We do not find evidence for substitution between permanent and temporary
positions. A minor negative impact is found also for the average wage compensation in-
dicated in the job ads. The decrease takes place uniformly across different job-vacancies of
a firm so that the overall wage dispersion remains unchanged. The decrease in wages ap-
pears to be balanced out by other forms of compensation, such as bonuses, which points
at preferences shifting towards greater flexibility and performance-based compensation
among firms facing higher US tariffs. Moreover, we find a robust and negative relation-
ship between US-tariff exposure and required educational background, while require-
ments on previous job experience (measured in years) do not significantly respond. We
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explain the reduction in average skill-requirements by showing that US tariffs dispro-
portionately targeted relatively skill-intensive products, which translates into lower skill
demand at the firm level.2

In contrast to these findings, we do not detect any comparable systematic adjustments
for the effect of retaliatory tariffs on US exports entering China. While the sign of the
corresponding coefficient tends to be the opposite of that for US tariffs, magnitude and
precision of these estimates are substantially lower. This pattern is similar to other find-
ings in the related literature, where import tariffs fail to create new jobs or boost firm per-
formance (e.g. Huang et al., 2019; Goswami, 2020). While part of the explanation could be
that the potential producer gains from protection are offset by costlier imported inputs,
it is also plausible that missing evidence of job creation is due to the premature nature
of these tariffs. While US tariffs reduce sales of Chinese firms immediately and lead to
fewer job offers, China’s retaliation tariffs do not provide sufficient certainty about the
amount (and duration) of protection. Hence, it might be less costly to postpone hiring
new personnel to the moment when US tariffs are revoked than to separate from employ-
ees that have been hired under (temporary) protection.3 Overall, our study suggests that
the US-China trade war has hurt both firms and job-seekers. Mainly so, because positive
effects of protectionist policies do not materialize while the additional costs imposed on
firms enforce immediate adjustments that result in slower job growth.

The rest of the paper is organized as follows. Section 2 introduces our new firm-
level job vacancy dataset and discusses related research using similar data. In section 3
we provide additional background information on the events during the US-China trade
war and lay out some potential channels of adjustment. Section 4 explains the empirical
strategy we adopt for the identification of its impact of tariffs on labor demand. Section
5 presents our results, including robustness checks and an exploration of heterogeneous
responses across firms. We conclude the paper with section 6.

2This interpretation is in line with Atkin (2016); Blanchard and Olney (2017) and also with the notion
that US tariffs disproportionately targeted intermediate inputs (Handley et al., 2020).

3This is in line with theories on firms’ investment behavior under policy uncertainty (e.g. Handley, 2014;
Handley and Limão, 2015), where firms opt for delaying new hires until the situation improves. Abowd
and Kramarz (2003) document for French firms that the costs associated with hiring are substantially lower
than the costs associated with terminating a contract.
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2 Online job-vacancy data

2.1 Data collection

We join a growing literature that uses job vacancy data to understand a variety of issues
related to the labor market. Since the early study of Kuhn and Skuterud (2004), several
papers exploit such information to study, among others, the relationship between firm
performance and skill demand (Deming and Kahn, 2018; Kahn and Hershbein, 2018),
firm’s financial health and its recruiting outcomes (Brown and Matsa, 2016), as well as
other demand-side features, such as gender discrimination (Kuhn and Shen, 2013), search
effort and search duration (Faberman and Kudlyak, 2016), or labor market concentration
for specific types of jobs (Azar et al., 2018). While most job-vacancy datasets stem from
English job-ad platforms,4 Kuhn and Shen (2013) are an exception using vacancy data
from the Chinese recruitment website Zhaopin.com.

Our data comes from Qian Cheng Wu You 51job.com (hereafter, 51job.com), a leading
company for human resource services, and also the largest online recruitment platform
in China. According to the annual report from 51job.com, there are more than 100 million
registered members, with over five million job postings and 40 million applications de-
livered to potential employers every week. Observations come from 297 prefecture cities
in China, which include four centrally-administrated municipalities, 15 vice-provincial
cities, and 278 prefecture-level cities across the nation. For each job vacancy, the ad
page on the site of 51job.com provides standardized information, including wage and
non-wage compensations offered by the employer, job requirements on education level,
working experience, language and computer skill-set, detailed occupation information,
the working location, ad published date, and unique firm and job identifiers. In addition,
each ad provides actual text and keywords of the main tasks for a certain vacancy. The
detailed information allows us to implement controls for geographic factors, type of job
vacancies and other aggregate-level factors.

We started collecting information systematically in May 2019 and construct a dataset
with monthly frequency covering the period through November 2019.5 Because the job
ads are linked to a firm’s page, we also have basic information on the firms posting job
ads. Firm characteristics consist of firm ownership, the scale of employment, and indus-
try. Using the company name, we matched the firms in our vacancy data to customs data

4Examples of job-ad platforms are Craiglist (Kuhn and Skuterud, 2004), the Job Openings and Labor
Market Turnover (JOLTS) survey from the BLS (Davis et al., 2012, 2013), Burning Glass (Kahn and Hersh-
bein, 2018; Deming and Kahn, 2018), indeed.com (Mamertino and Sinclair, 2016; Turrell et al., 2019), Career-
Builder.com (Brown and Matsa, 2016; Marinescu, 2017), or Snagajob.com (Faberman and Kudlyak, 2016).

5The procedures for collecting the data are discussed in Appendix A.1.
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for 189,280 firms that will allow us to measure firm-level exposure to the trade war, as we
explain in greater detail below.

2.2 Summary statistics

Table 1 presents summary statistics of the resulting sample. The sample contains 1.2 mil-
lion unique job vacancies posted by the 0.19 million matched firms from May through
November 2019. The annual wage mean per vacancy is around 100,000 RMB, approxi-
mately equivalent to 14,500 US dollars. In addition to the basic wage, over half of the
vacancies provide non-wage compensations (i.e., subsidies and bonuses). Over 70% of
the vacancies provide five insurances and housing compensation as additional welfare
benefits for employees.6

Table 1: Summary Statistics of Job Vacancies

Variables Mean Std.Dev.
Panel A. Job vacancy characteristics
Number of vacancies per firm per month 6.18 21.73
Wage
Wage per vacancy - lower bound (1000 USD/year) 11.48 28.82
Wage per vacancy - upper bound (1000 USD/year) 17.64 48.35
Wage per vacancy - mean (1000 USD/year) 14.56 38.42
Non-wage compensation
Share of vacancies providing subsidies to employee 0.56 0.50
Share of vacancies providing bonus to employee 0.50 0.50
Share of vacancies providing insurances to employee 0.72 0.45
Job requirement
Working experience required by the job - lower bound (year) 1.58 1.70
Working experience required by the job - upper bound (year) 1.95 2.27
Working experience required by the job - mean (year) 1.77 1.98
Education level required by the job: college or higher 0.77 0.42
Panel B. Firm characteristics
Share of vacancies posted by mega firms (employment greater than 10000) 0.07 0.25
Share of vacancies posted by small-scale (employment less than 50) 0.07 0.25
Number of firms 189,280
Number of job vacancies 1,212,982

Note: Author’s calculations based on data collected from 51job.com. Summary statistics for sample of firms
matched with China Customs information, May-November 2019.

In terms of job requirements, 77% of the vacancies require a college degree or higher.
The bar of working experience is set at 1.77 years on average (i.e., one year and 9 months).

6Five insurances include unemployment insurance, endowment insurance, medical insurance, work-
related injury insurance, and maternity insurance.
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Panel B of Table 1 presents firm characteristics. In our sample, 7% vacancies are posted by
mega-firms with more than 10,000 employees. Another 7% represent small firms with less
than 50 employees, so that the remaining 86% of firms in our sample are of intermediate
size between these two extremes.7

Summary statistics of monthly data samples are provided in Table A.2. Over 13 thou-
sand uniquely identified firms are posting job ads each month, and each firm posts around
4-8 job ads per month. Column (1) through (7) contains the mean and standard deviation
of the corresponding variable across monthly samples, from May to November, respec-
tively. Steady pattern of the job requirements and firm characteristics can be found across
columns, with a gradually decline in the total number of job vacancies since July 2019.

In Figure 1, we present the geographic coverage of our sample, as well as the concen-
tration of job ads and wage levels across regions. While it is not surprising that high-wage
jobs are clustered in the coastal and borderline areas of China, a higher density of vacan-
cies appears in the inner-land regions. One explanation could be that modern China
has moved its labor-intensive manufacturing base into inner Chinese regions, whereas
higher-paid jobs are offered in other, more knowledge-intensive sectors (Mau and Xu
(2019)). Indeed, Figure A.1 shows that manufacturing firms posting job-ads during our
sample period tend to reside in lower parts of the city wage-rank distribution. Moreover,
Table A.1 suggests that more than 40 percent (i.e. the largest single portion) of the job-ads
are posted by firms from the primary, manufacturing, and utility industries.8

We compare our data to the information from the Zhaopin.com sample used in Kuhn
and Shen (2013), and the selected urban census population from China’s eight highest-
income provinces summarized by the same authors (see Table A.1). It provides interest-
ing footage of China’s economic transformation over the past 1-2 decades. We note that
most job ads (more than 95 percent) in our data offer fairly low monthly wages. Never-
theless, the portion representing high-paying jobs has increased slightly compared to the
2005 urban census data. A striking change can be observed in the requirements of edu-
cational background. While less than a quarter of the job ads in the urban census sample
required such qualifications, this fraction is three out of four today. Similar patterns can
be observed in the fractions of private and state-owned (or state-controlled) enterprises.
In terms of industry structure, the expansion of the IT and communications sector is re-

7We further note that around 6% of the vacancies are posted by state-owned firms (SOE) and government
institutions, and nearly 20% are posted by foreign firms.

8Figure A.1 (a) further shows that service sector firms posting job-ads are fairly evenly distributed across
most regions with occasional outliers in higher ranked cities. Panel (b) of Figure A.1 shows that large-scale
firms take a larger proportion of posted job ads in cities with a higher wage rank. No such pattern is
detected from the startup firms. Lastly, the proportion of SOEs and foreign firms, shown in part (c), reveal
no significant concentration across the city wage rank.
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Figure 1: Geographic distribution of job vacancies, May-Nov. 2019

(a) Number of Job Vacancies (b) Annual Average Wage

markable, while construction and transportation are less represented in our data.
Overall, it appears that compared to the urban employment census, both 51job and

Zhaopin’s job ads are skewed towards well-educated workers that are employed in the
private sector and in IT-related industries.9 While parts of these structural differences
may be due to selection effects into online job-advertisement, we find that certain at-
tributes, like the wage distribution or coverage of manufacturing jobs, are fairly repre-
sentative in our data. We draw similar conclusions from our comparison of labor markets
across Chinese regions in Figure A.2, where we plot the number of job-ads observed per
city against the corresponding number of urban employment reported for the year 2018
in the China City Statistics Year Book. While our 51job.com data fits well on average, recent
comparable data from the online platform Zhaopin.com seems to understate cross-regional
variation in job ads.

9Similar differences have been noticed before in other studies. Samples based on online job vacancy data
often over-represent certain areas of an economy (e.g. Davis et al., 2013).
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3 The US-China trade war

3.1 Stages of escalation

The U.S. administration under President Trump has implemented new trade policies
against free trade in several rounds, using various justifications. The first round of trade
barriers imposed were global safeguard tariffs on imports of washing machines and solar
panels in January 2018. These were followed by tariffs on steel and aluminum, in March
2018, which the US justified with national security concerns. Several major US trading
partners were affected by these measures and imposed retaliatory tariffs on US goods,
claiming that the measures taken by the Trump administration violated WTO trade law.

China became the main target of US trade policy following investigations on the abuse
of US companies’ intellectual property rights. Since then, the US government imposed
several rounds of tariffs on Chinese products. China retaliated by imposing its own tariffs
on US products. Figure 2 presents average tariff rates applied by the US and China on
their respective imports, before and during the trade war. They are benchmarked against
the most-favored-nations (MFN) tariff rates both countries continue to apply on imports
from (most) other trade partners.10

Figure 2: Average U.S. and Chinese Tariffs (Industry Level)

(a) US Tariff on Chinese Goods (b) Chinese Tariff on the US Goods

Note: Authors’ calculations based on data from Fajgelbaum et al. (2019), Li (2018), and own updates.

The first major round of US tariffs on China became effective in July and August 2018
and targeted 818 and 279 product categories, specified according to the 8-digit harmo-

10See Bown and Kolb (2019) for a detailed time-line of the events. Also see Benguria et al. (2020).
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nized tariff schedule (HTS), respectively with an additional 25% increase on the existing
rates. China’s retaliation to this first round targeted an equivalent value of US goods and
covered 545 and 333 products, respectively, with a 25% rate.11 In September 2018, the
US applied another 10% tariff rate on products valuing $200 billion in imports. China’s
response entailed a simultaneous tariff increase by 5 and 10 percentage points targeting
5,207 US products worth $60 billion in imports. At the same time, the US administra-
tion announced to increase tariffs on the same goods by another 25 percentage points at
a later stage, and China announced to do the same. In fact, following a meeting in De-
cember 2018, the governments agreed to postpone these measures, and China eliminated
some of its retaliatory tariffs on US cars and car parts in early 2019. Another stage of the
escalation followed in May 2019, when the US began to apply the previously announced
additional tariffs. China followed a month later. Despite ongoing threats over the months
that followed, no further tariffs have been imposed since then. In December 2019, the two
parties announced a so-called “Phase-one Deal” in which China committed to purchasing
major amounts of US products, while leaving unchanged all other measures taken before.
The agreement was signed in mid-January 2020 and came into effect a month later.12 As
our sample with monthly job-vacancy data begins only in May 2019 (as indicated by the
vertical bars in Figure 2), our analysis will focus on the last round of tariff increases.

3.2 Potential effects on firms’ hiring behavior

Empirical research on the US-China trade war documents an abrupt and major impact of
the tariffs on export revenues of the two countries (e.g. Fajgelbaum et al., 2019; Meinen et
al., 2019). While Chinese exporters may pass on the tariffs to its US customers, it might be
rational to (at least partially) absorb some of the burden to avoid excessive reductions in
sales. To absorb the tariff burden, firms have to lower their prices, which can be achieved
by lowering mark-ups or production costs. Regardless of which strategy a firm adopts,
employees are likely to suffer. Lower sales translate into lower labor demand and charg-
ing a lower price per unit sold exerts pressure on wages.

Our job vacancy data prevents us from observing adjustments in the number or com-

11Note that earlier, in April 2018, China had imposed tariffs on a small set of products amounting to $2.4
billion in imports from the US in response to the steel and aluminum tariffs discussed at the beginning of
this section. Those tariffs applied additional 15% and 25% ad-valorem rates targeting 91 HS6 products (or
104 8-digit HTS categories). 6-digit Harmonized System (HS6) product categories represent to the most dis-
aggregated internationally harmonized classification of goods and are administered by the World Customs
Organization. Further disaggregation, such as 8-digit HTS categories are typically country-specific and not
internationally comparable.

12See www.piie.com for the most recent up-to-date time line of events.
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pensation of existing employees. However, we observe characteristics of a firm’s poten-
tial future employees, which can be interpreted as an intended investment. As previous
research has shown that firms may postpone investments when facing economic and po-
litical uncertainty (Handley, 2014; Handley and Limão, 2015), we expect that the number
of job vacancies posted by firms subject to US tariffs will decline.13 Moreover, we may ex-
pect adjustments in the announced compensation of labor. While lower wages could help
firms to lower their prices, they face the risk of deterring good candidates from applying
to their posted positions. Major reductions in the offered wage may therefore be coun-
terproductive if no other forms of compensation substitutes for them. Substitution away
from rigid to more flexible (performance-based) wage schedules could help firms in find-
ing high-quality employees. Hence, firms might be expected to offer lower wages while
shifting to flexible compensation, such as bonuses. Other observable forms of non-wage
compensation (e.g., insurances, training, or subsidies) may also become more prominent
among exposed firms.

Predictions of possible adjustments become less obvious when we consider the re-
quired skill-profile or previous work experience indicated in job ads. For skill-demand,
they might depend on firms’ efforts to shifting sales towards products that are less ex-
posed to US tariffs, which might translate into relative skill demand (Atkin, 2016; Blan-
chard and Olney, 2017). If such a strategy is relevant, we might observe relatively less
demand for skilled workers in our job ads, as products shipped to the US belong to the
most skill-intensive goods in China’s exports.14 An alternative channel could be that ex-
posed firms respond to lower sales and the pressure of reducing their costs by seeking
to attract workers that are willing accept lower wages (and less certain working condi-
tions), which might lead firms to request lower minimum standards in work experience
and education in their job vacancy postings.

Since the trade-war denotes an event of reciprocally applied tariffs, Chinese firms
might also be affected by the measures their own government took to retaliate US tar-
iffs. Indeed, this might protect some firms from external competition by US firms and
potentially result in increasing market shares. However, it is questionable that this is suf-
ficient reason for firms to adjust labor demand and compensation. As pointed out earlier,

13Obviously, decreasing sales should be sufficient reason to expect that firms will hire less. The uncer-
tainty effect comes on top of this and will be relevant for our expected adjustments to China’s retaliation,
as we explain further below.

14See Figure A.4 for the relative skill-intensity of products facing US tariff increases. The bias towards
skill-intensive goods is much less pronounced in China’s retaliatory tariffs, as shown in Figure A.5. Skill-
intensity is measured by the industry-employment share of skilled workers, as documented in the Annual
Survey of Industry Production (ASIP) for the year 2004. A similar pattern is obtained if we measure skill-
intensity based on the Indonesian manufacturing census, as used by Amiti and Freund (2010).
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the US-China trade war results in substantial uncertainty about the future economic en-
vironment of exposed firms’ operations. Once these tariffs are revoked, firms would find
themselves with too many employees and struggle to separate from them. Empirical ev-
idence from Abowd and Kramarz (2003) suggests that separation costs are considerably
higher than the cost of hiring workers. Hence, a major positive effect on labor demand
should be expected to materialize only in the case of a sustained increase in market shares.
Another argument against such an effect is the lack of evidence in related studies on the
US labor market adjustments (Waugh, 2019; Goswami, 2020), where US tariffs failed to
create jobs (although they might have prevented some from disappearing). Moreover,
since goods exported from the US to China might also serve as intermediate inputs for
Chinese firms, China’s retaliatory tariffs might actually hurt its own firms. Handley et
al. (2020) document patterns along these lines for US exporters which rely on imported
inputs from China. Overall, we expect that the negative effects of the trade war dominate.

4 Empirical framework

4.1 Firm-level exposure to the trade war

4.1.1 Sample selection

As already indicated in section 2, we analyze the impact of the trade war on the hiring
behavior for a subpopulation of firms that are engaged in international trade. The reasons
for doing so are threefold. First, many firms in our job-vacancy data might be unaffected
by the trade war, simply because they do not engage in international trade (directly or
indirectly). Second, even if they are affected indirectly, it is impossible for us to measure
their exposure to the trade war, as we do not observe such information. This may im-
ply that we miss out adjustments to the trade war in parts of the Chinese economy and,
hence, that our estimates indicate the lower-bound of its actual impact. Third, since typi-
cally only a fraction of firms in a country are involved in international transactions, and as
such firms are quite distinct from non-trading firms, we do not believe that non-trading
firms constitute an appropriate control group. One reason for this skepticism is differ-
ences in firm size that typically prevail between trading and non-trading firms. Another
reason is the different market environments in which such firms operate. While trading
firms operate at a global scale in highly competitive markets, non-trading firms may be
shielded from such competition if they produce and sell exclusively in domestic (niche)
markets. Nevertheless, we are confident that our sample of firms will convey economi-
cally meaningful information, as large exporting and importing firms often account for
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the single largest fraction of local and industry level output and employment.

4.1.2 Measurement and identification

By focusing on trading firms, we can construct two measures of firm-level exposure to
the trade war and discuss their interpretation. The first measure captures exposure to US
tariffs, which mainly affects exporters. The second measure captures exposure to China’s
retaliatory tariffs on US products and mainly affects importers. We denote TariffUS

f as the
US-tariff exposure of firm f , which is constructed as follows:

TariffUS
ft =

∑
j∈Je

f

[
XUS

fj0∑
iX

i
fj0

τUS
jt

]
, (1)

where τUS
jt is good j’s ad valorem tariff imposed by the US at time (i.e. month) t, XUS

fj0 is
firm f ’s exports of good j to the US in a pre-sample base-period t = 0 (i.e. 2016), which
we divide by firms’ total export revenues from good j, as indicated in the denominator.
Je
f is the set of goods exported by firm f . By interacting the US tariff rate with a measure

of the relative importance of the US market for each exporter, we obtain our measure of
exposure as a weighted average of the US tariff rate faced by firm f .

Likewise, based on China’s retaliation tariffs on US goods and firms’ imports data, we
construct our measure of firm f ’s exposure to import tariffs:

TariffCHN
ft =

∑
j∈Jm

f

[
MUS

fj0∑
iM

i
fj0

τCHN
jt

]
, (2)

where τCHN
jt is good j’s ad valorem tariff imposed by China on the US goods at time t (i.e.

month), MUS
fj0 is firm f ’s average imports of good j from the US in a pre-sample base-

period t = 0 (i.e. 2016), which we divide by firms’ total imports of good j, as indicated in
the denominator. Jm

f is the set of goods imported by firm f . By interacting the Chinese
tariff rate on US products with a measure of their relative importance for each importer,
we obtain our firm-level measure of exposure to import tariffs.

Since we can directly observe US and Chinese applied tariffs, as well as firms’ relative
“specialization” in US trade relations, our measure denotes an accurate quantification
of tariff exposure. Indeed, our approach is similar to related research that studied the
impact of the trade war on local US labor markets (e.g. Waugh, 2019; Goswami, 2020).
Furthermore, by employing custom data in 2016 to construct our pre-period weights,
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we are able to address endogeneity concerns that could potentially bias our estimates.15

However, we also face one caveat for identification, as our pre-sample period weight does
not take into account firms’ domestic sales and purchases. As a result, it is possible that a
firm with a high degree of specialization in US trade relations, according to our measure,
is actually specialized in domestic transactions. We would overstate the degree of such
a firms’ exposure and may likewise understate the exposure of highly export-oriented
firms. Although we cannot rule out such a possibility, we expect that such measurement
error would lead to an attenuation bias and loss of precision in our point estimates.

4.1.3 Tariff and trade data

To construct our measures of firm-level exposure, we combine information from two
datasets. The first is the China Customs Dataset, in which we observe export and im-
port values at the product-firm-destination (or source) country level for all international
transactions in 2016. We use this information to compute the firm-specific weights that
capture their relative reliance on US trade relations. We combine this data with a detailed
dataset of US tariffs imposed upon China, as well as Chinese retaliatory tariffs on the US,
which is reported at a monthly frequency for the years 2016-2019. The evolution of these
tariffs has already been discussed in Section 3 (Figure 2).16

We collected the reciprocal Chinese and US tariffs from several data sources, includ-
ing official communications by the US Trade Representative, the CARD Trade War Tariffs
Database (Li, 2018), as well as data provided by Fajgelbaum et al. (2019) and Bown and
Kolb (2019). US and Chinese MFN tariff rates were collected from the WTO (World Trade
Organization) Tariff Download Facility database. Chinese MFN tariffs were further com-
plemented with data from Bown and Kolb (2019), which includes more recent changes in
Chinese tariffs based on official Chinese government communications. Detailed numbers
for our tariffs in 2018 and 2019 are provided in Table A.3 in Appendix B. Starting with
MFN rates of 3.6% and 9.2% in an average (6-digit HS) product category, both the US and
China increased tariffs up to 23.2% and 25.1% respectively in just two years. Taking into

15Note that the year of 2016 pre-date the years of Donald Trump’s presidency. Although he threatened to
impose new trade policy measures against China already during his electoral campaign, his victory in late
2016 was a surprising outcome that is unlikely to have driven anticipatory behavior among Chinese firms.
See Amiti et al. (2019) for further discussion on this issue. Also note that any major anticipation effects in
firms’ hiring behavior would induce a downward bias on our estimated coefficients.

16Although we do not exploit MFN tariffs in our empirical analysis, we collected this information for
illustrative purposes. They reflect applicable tariffs to most other trade partners of the two countries. Since
the trade war took place mostly between these two countries, we abstained from collecting corresponding
information for all other trade partners and assume that the majority of trade flows were subject to (stable
and predictable) MFN tariff rates.
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account firms’ specialization in US trade relations, we observe increases in similar orders
of magnitudes (see Figure A.3 and Table A.4). In the period we observe in our empirical
analysis (i.e., between May and November 2019) firms faced an average increase of tariffs
on their exports by about eight percentage points and an about seven percentage-point
increase on imported goods.

4.2 Estimation

4.2.1 Empirical baseline specification

To investigate the effect of tariffs on firms’ recruiting behavior, we adopt a simple linear
panel regression model:

yft = β1 ln(1 + TariffUS
f,t−1) + β2 ln(1 + TariffCHN

f,t−1) + X′ctγ + ηf + ηt + εft, (3)

where TariffUS
f,t−1 and TariffCHN

f,t−1 are US and Chinese tariffs faced by firm f , lagged by one
month. We employ lagged tariff exposure since we count vacancies as monthly totals,
while actual implementation and responses could have taken place on different dates
during the same month. By using lags, we avoid potential problems arising from different
order of events and also allow firms a limited amount of time to adjust to the tariffs.17 In
line with the empirical trade literature we employ tariff exposure as an iceberg trade-
cost term by adding one to the tariff rate and taking logs (e.g., a 5 percent of firm tariff
exposure measure would enter the equation as ln[1.05]).

As β1 and β2 denote our main coefficients of interest, we attempt to control for poten-
tially confounding factors and implement firm fixed effects (ηf ) and time fixed effects (ηt)
into our baseline estimation equation. Time fixed effects control for aggregate trends or
shocks that are correlated with both our dependent variable and our main variables of
interest. This includes, for example, seasonal fluctuations in hiring which might happen
to coincide with tariff changes. Firm fixed effects are included to control for unobservable
time-invariant characteristics of a firm. This is of particular importance in our context, as
we do not observe many firm-level characteristics, including its hiring history. However,
as we can observe firms’ location (at the city level c), we employ time-varying control
variables along these dimensions in vector Xct to capture aggregate developments in lo-
cal labor markets. Specifically, we include the total number of firms posting job vacancies
as well as the total number of job vacancies available in city c and at time t.18 Finally, εft

17Meinen et al. (2019) show that the effects of the trade war on US imports from China started to materi-
alize in the last quarter of 2018, i.e. in the quarter after the first tariffs had come into effect.

18Since every firm f resides only in a single location, we suppress city subscripts c in our dependent
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denotes an i.i.d. error term which we cluster at the city-month level.

4.2.2 Dependent variables and sample structure

We employ a number of different dependent variables yft to analyze alternative outcomes
of the US-China trade war. These include broadly (i) the number of online job vacancies
posted by a firm; (ii) measures of the nominal wage offered in a firms’ average job-ad; (iii)
indicators of other forms of compensation, such as bonuses, subsidies, or insurances; and
(iv) job requirements as indicated by previous work experience and educational back-
ground. A detailed overview of these variables, along with further descriptions, is pro-
vided in Table A.5.

Table 2: Descriptive Statistics by Duration of Job Posting

Sample Statistics Variable
No. Jobs Wage SOE Foreign Startup Mega Small

Sample: 1 months
Mean 0.52 12.36 0.06 0.27 0.01 0.01 0.31
Std.Dev. 2.82 13.82 0.24 0.44 0.08 0.09 0.46
N firms 30,492
Sample: 2 months
Mean 1.24 12.65 0.05 0.32 0.00 0.01 0.27
Std.Dev. 3.98 8.77 0.23 0.47 0.07 0.12 0.44
N firms 21,868
Sample: 3 months
Mean 2.47 12.65 0.04 0.31 0.00 0.01 0.24
Std.Dev. 8.33 8.44 0.20 0.46 0.07 0.10 0.43
N firms 23,492
Sample: 4 months
Mean 3.56 13.50 0.05 0.30 0.00 0.01 0.21
Std.Dev. 7.87 26.90 0.22 0.46 0.05 0.11 0.41
N firms 23,772
Sample: 5 months
Mean 4.79 13.07 0.05 0.28 0.00 0.02 0.16
Std.Dev. 9.01 12.19 0.22 0.45 0.05 0.12 0.36
N firms 23,618
Sample: 6 months
Mean 6.82 13.49 0.05 0.27 0.00 0.02 0.13
Std.Dev. 11.22 8.79 0.21 0.44 0.05 0.12 0.34
N firms 25,501
Sample: 7 months
Mean 17.23 14.48 0.04 0.23 0.00 0.03 0.08
Std.Dev. 42.61 8.86 0.21 0.42 0.06 0.16 0.27
N firms 40,530

variable and in the tariff measures to avoid confusion about the dimensions of their variation.
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Table 2 provides an overview of the variation in our data, showing descriptive statis-
tics of vacancy and firm characteristics by sub-samples of firms with varying lengths of
posting job ads. In the first panel, Sample: 1 month, corresponds to summary statistics for
firms that post job ads in only one of the seven months we observe in our sample, while
the next panel, Sample: 2 months, features firms posting jobs for two months, and so on.
Not only does the number of firms differ across these sub-samples, characteristics such
as the number of vacancies posted, average wage and scale of firms also vary over those
samples. Both the number of job vacancies and average wages have an upward trend
as the duration of job posting increases. Firms with larger numbers of employees are
more likely to continuously post job-ads, while small-scale firms post jobs for a shorter
duration. Ownership of firms posting jobs across months and the proportion of startup
firms are relatively stable across posting lengths. Overall, our data set appears to feature
sufficient within- and across-firm variation to exploit for the purposes of this study.

5 Results

5.1 Main findings

5.1.1 Number of Job Vacancies

Our first dependent variable measures the absolute number of job vacancies posted by a
firm f at time t. Since this is a count variable which features zeros and otherwise discrete
positive values, we present results for a linear regression approach, as introduced in the
previous section, and for a Poisson regression model (Wooldridge, 2010; Marinescu and
Rathelot, 2018).

Table 3 reports our results. Throughout all specifications, we find a negative and sta-
tistically significant effect of increasing US tariffs on job postings of exposed firms. As
shown in columns (2) and (4), city-level control variables tend to exert a downward cor-
rection of the absolute size of the coefficient, and the deterring effect of increasing US
tariffs remains statistically significant. In contrast to the US tariffs, coefficients estimated
for the effect of China’s retaliation are generally statistically insignificant. Also the signs
of the coefficients differ between the linear model and the Poisson regression, while the
inclusion of city-controls leads to a general downward correction of the estimated coef-
ficient. If we were to interpret specifications that include such control variables as being
more reliable, China’s retaliation appears to have either a negative effect on firms’ labor
demand (in the linear case) or almost no effect at all (in the Poisson case).
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Table 3: Effect of Tariffs on the Number of Job Vacancies

Dept var: Linear Models Poisson Regression
Nv

ft (1) FE (2) FE (3) FE (4) FE

ln(1 + TariffCHN
ft−1) -2.692 -3.088 0.339 0.068

(2.698) (2.423) (0.245) (0.185)
ln(1 + TariffUS

ft−1) -5.661*** -3.745*** -0.863*** -0.427*
(1.458) (0.920) (0.303) (0.248)

Observations 189,279 189,279 189,272 189,272
R-squared 0.761 0.763
City Control - Y - Y
Firm FE Y Y Y Y
Month FE Y Y Y Y

Notes: Regressions use firm online job vacancy data from May 2019 to
Nov 2019. City controls include city-month specific number of firms
posting online vacancies and the total number of vacancies posted on-
line. For linear models, robust standard errors are clustered at the city
and month level; for Poisson fixed effect model, bootstrapped standard
errors are used. Robust standard errors are reported in parentheses. ***
p<0.01, ** p<0.05, * p<0.1. .

To give the estimated coefficients a quantitative interpretation, we can infer from col-
umn (2) that a doubling in the applied US tariffs — i.e., an increase by 100 percent — re-
sults in 3.75 fewer job vacancies posted on average per firm per month. Tariffs increased
by about 46 percent during our sample period, and by a factor of about 7.52 since the be-
ginning of the trade war. While this implies about 12.12 fewer jobs offered by an average
firm between May and November 2019 (3.75× 0.46× 7 months), due to higher US tariffs,
the implied future monthly reduction since the beginning of the trade war amounts to
about 28.19 job ads per firm on average (3.75 × 7.52).19 Poisson estimates in column (4)
report the implied job-tariff elasticity, which amounts to 19.69 percent fewer job-ads be-
tween May and November 2019 (42.7%×0.46). This is a more conservative result than the
estimated 12.12 reduction in vacancy numbers based on the linear model in column (2).
Using this number together with an average number of 43.26 (6.18× 7 months) vacancies
per firm in our sample (see Table 1), we obtain about 28.02 percent fewer job offers.

19Calculations based on information about monthly firm-level tariff exposure as documented in A.4,
where trade-weighted US tariffs increased from 16.9 to 24.7 percent between May and November 2019, and
from 2.9 to 24.7 percent since January 2018.
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5.1.2 Average Wage per Vacancy

We next study how firms’ wage schedules responded to the tariff changes. To do so, we
compute for each firm f the average wage wft offered in the vacancies it had posted at
time t. Since job ads (v) typically indicate a wage range, i.e. a minimum and a maximum
wage (or salary) level, we analyze responses in both of these wages separately and in
addition responses in the average of two (wmean

fvt ≡ (wmin
fvt + wmax

fvt )/2). In all specifications,
we measure wage rates in logs.

Table 4: Effect of Tariffs on Average Wage per Vacancy (one-period lagged tariff)

Dept var: Minimum Wage Maximum Wage Mean Wage Wage Dispersion
(1) FE (2) FE (3) FE (4) FE (5) FE (6) FE (7) FE (8) FE

ln(1 + TariffCHN
ft−1) 0.009 0.009 0.027 0.026 0.036 0.035 0.026 0.026

(0.045) (0.048) (0.045) (0.047) (0.046) (0.048) (0.014) (0.014)
ln(1 + TariffUS

ft−1) -0.085* -0.085* -0.077* -0.077* -0.073* -0.073* 0.012 0.013
(0.035) (0.036) (0.033) (0.034) (0.033) (0.034) (0.012) (0.011)

Observations 107,800 107,800 107,800 107,800 107,800 107,800 107,800 107,800
R-squared 0.738 0.738 0.734 0.734 0.732 0.732 0.736 0.736
City Control - Y - Y - Y - Y
Firm FE Y Y Y Y Y Y Y Y
Month FE Y Y Y Y Y Y Y Y

Notes: Average wages in column (1) to (6) are in logs lnwft; wage dispersion in column (7) and (8) is measured
as lnwmax

ft − lnwmin
ft . Regressions use firm online job vacancy data from May 2019 to Nov 2019. City con-

trols include city-month specific number of firms posting online vacancies and the total number of vacancies
posted online. Robust standard errors are clustered at the city and month level are reported in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. .

Table 4 presents our results. As in our previous table, we do not find any significant
responses to Chinese retaliation tariffs on US goods, so we focus in our discussion on the
US tariffs. Columns (1) and (2) suggest that the lower bound of annual wages offered in
our observed job ads decreased among firms that were more exposed to the trade war.
The same can be found for the upper bound of annual wages and for the average of the
two, in columns (3)-(4) and (5)-(6), respectively. Throughout, the estimated coefficients
suggest a fairly low elasticity of wages with respect to faced tariffs among Chinese firms.
Yet, given the major increase in tariff levels during the trade war, the coefficients imply
about ([24.7/16.9 − 1] × β̂1) ≈ 3-4 percent lower wages offered by affected firms (which
corresponds to about $500 less per year, if average wage compensation is $14,560 as stated
in Table 1). The last two columns confirm that the size of the indicated wage intervals does
not change significantly among firms.
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5.1.3 Non-wage compensation

A lower offered wage does not necessarily imply the labor costs would decrease. Non-
wage compensation can account for major portions of total labor costs (Woodbury, 1983;
Liu et al., 2019). Indeed, it might be convenient for firms to offer alternative forms of
compensation if they have different means to providing such benefits. To evaluate such
adjustments, we focus on three different forms of alternative compensation schemes:
bonuses, subsidies, and insurances. With bonuses firms can avoid early commitments
to paying higher wages when the actual performance of the future employee (but also of
the firm as a whole during the trade war) is uncertain. Subsidies include the provision of
overtime pay or transportation, communication, and meal allowances by the employer,
whereas insurances include the provision of a “five-insurances” package that is part of
China’s social security system.20 To evaluate whether firms increasingly advertise the
provision of such alternative forms of compensations, we compute the share of a firm’s
job ad including such components.

That is, the share of jobs offering bonus payments to employees (ShareBonus
ft ) is defined

as follows:

ShareBonus
ft =

∑
v∈Ωft

1fvt(the advertisement explicitely offers bonus)

Nft

(4)

where Ωft denotes the mass of all vacancies posted by firm f in month t,Nft is the number
of job vacancies posted by firm f in month t, and 1fvt is an indicator variable that equals
to one if job-ad v explicitly mentions that the job will be offered with performance-based
bonus payment. We compute shares of jobs offering subsidies, ShareSubft , and insurances,
ShareInsft , in the same fashion.

Table 5 reports our results. Columns (1) and (2) suggest that firms exposed to higher
US tariffs also increasingly offer bonuses payments as a form of compensation. This is
in line with our earlier conjectures that such payment schemes offer greater flexibility to
employers. They may also provide adequate financial incentives to employees as wage
growth has been shown to slow down and might otherwise deter qualified candidates
from applying to these jobs (e.g. Luft, 1994). The corresponding coefficients for China’s
retaliation tariffs are very similar in terms of their magnitude, but much less precisely
estimated.21 The results in columns (3) and (4) suggest that there is somewhat weaker,

20The five insurances include unemployment, pension, medical, work-related injury, and maternity in-
surances. While being mandatory in principle, it is not implemented throughout the country and some
foreign enterprises might be eligible for exemptions from it. See www.china-briefing.com/news/social-
insurance for an overview.

21The positive sign might suggest that higher tariffs on US goods may have harmed Chinese firms more
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Table 5: Effect of Tariffs on None-wage Compensation (one-period lagged tariff)

Dept var Bonus Subsidy Insurance
Share of Firm Vacancies with (1) FE (2) FE (3) FE (4) FE (5) FE (6) FE

ln(1 + TariffCHN
ft−1) 0.046 0.051* 0.006 0.012 0.020 0.016

(0.028) (0.026) (0.042) (0.043) (0.027) (0.026)
ln(1 + TariffUS

ft−1) 0.047** 0.050** 0.040* 0.046* 0.010 0.016
(0.018) (0.017) (0.020) (0.020) (0.020) (0.020)

Observations 109,158 107,800 109,158 107,800 109,158 107,800
R-squared 0.854 0.855 0.863 0.863 0.863 0.864
City Control - Y - Y - Y
Firm FE Y Y Y Y Y Y
Month FE Y Y Y Y Y Y

Notes: Regressions use firm online job vacancy data from May 2019 to Nov 2019. City controls include
city-month specific number of firms posting online vacancies and the total number of vacancies posted
online. Robust standard errors are clustered at the city and month level and are reported in parentheses.
*** p<0.01, ** p<0.05, * p<0.1. .

but still positive evidence for increasing provision of subsidies among exposed firms.
Firms do not appear to respond by offering different insurance packages to their future
employees, as we can see from columns (5) and (6).

5.1.4 Job Requirement

Besides adjustments in wage compensation, there might also be changes in the require-
ments firms impose on their applicants. In fact, changes in wages and in the number
of posted vacancies could be associated with changes in job requirements. Deming and
Kahn (2018), for example, document a positive correlation between average wages offered
and the required number of years of schooling. As we found fewer job offers overall, as
well as slightly lower wage compensation in our data, we might expect that also the re-
quired educational background will be lower.22

Like in the previous subsection, we analyze effects on firms’ job requirements by mea-
suring the fraction of vacancy posting that explicitly require applicants to have a college
degree (or higher):

ShareCollege
ft =

∑
v∈Ωft

1fvt(the advertisement explicitely require college degree)

Nft

(5)

than it has served, although such an interpretation would require further scrutiny in light of lacking evi-
dence in all other specifications.

22This would also be in line with our previous notion that US tariffs targeted mainly goods that were
relatively skill-intensive from the viewpoint of Chinese firms (see Figure A.4).
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where Ωft denotes the mass of all vacancies posted by firm f in month t,Nft is the number
of job vacancies posted by firm f in month t and 1fvt is an indicator variable that equals
to one if the advertisement v explicitly mention that the qualified applicants will require
a college degree.

In addition to the potential change in the education requirement, firms may also ad-
just their requirement of age-dependent skills (Cai and Stoyanov (2016)), such as working
experience (i.e., the number of working years). We also analyze adjustments in the cor-
responding upper and lower bounds of these indicated intervals, as well as their means,
and take the average value of those observations in a given firm-month observation. The
results are reported in columns (1)-(6) of Table 6 and suggest that neither US nor Chinese
tariffs had any impact on the required working experience in the advertised job vacan-
cies. However, we observe in column (7) and (8) that higher US tariffs on Chinese prod-
ucts significantly decreased the fraction of job ads that require a college degree. We find
no significant impact of China’s retaliation again, despite a positive sign that might indi-
cate a tendency for increasing needs of skilled personnel to substitute for skill-intensive
imports.

Table 6: Effect of Tariffs on Job Requirement (one-period lagged tariff)

Experience Requirement (yrs) Share of Jobs Requiring
Dept var: Minimum Experience Maximum Experience Mean Experience College Degree

(1) FE (2) FE (3) FE (4) FE (5) FE (6) FE (7) FE (8) FE

ln(1 + TariffCHN
ft−1) 0.020 0.007 -0.005 -0.024 0.008 -0.009 0.044 0.027

(0.102) (0.092) (0.128) (0.130) (0.114) (0.110) (0.039) (0.038)
ln(1 + TariffUS

ft−1) -0.188 -0.067 -0.226 -0.068 -0.207 -0.068 -0.088*** -0.070**
(0.106) (0.070) (0.147) (0.097) (0.126) (0.083) (0.023) (0.021)

Observations 108,877 107,544 108,877 107,544 108,877 107,544 109,158 107,800
R-squared 0.697 0.745 0.694 0.744 0.696 0.745 0.696 0.712
City Control - Y - Y - Y - Y
Firm FE Y Y Y Y Y Y Y Y
Month FE Y Y Y Y Y Y Y Y

Notes: Regressions use firm online job vacancy data from May 2019 to Nov 2019. City controls include city-month spe-
cific number of firms posting online vacancies and the total number of vacancies posted online. Robust standard errors
are clustered at the city and month level are reported in parentheses. *** p<0.01, ** p<0.05, * p<0.1. .

5.2 Robustness checks

Our findings suggest that the US-China trade war had a mostly one-sided impact on the
labor demand and hiring behavior of Chinese firms that were directly exposed to higher
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tariffs. While exporters facing higher US tariffs reveal lower labor demand, wages and
skill demand (as well as a tendency to adopt more flexible and non-wage compensation
schemes), importing firms do not show comparable adjustments. In this subsection, we
address potential concerns of identification by carrying out two robustness checks that
should corroborate our previous results.

5.2.1 Placebo experiment with randomly assigned tariff exposures

For our first robustness check, we perform a placebo experiment in which we randomly
assign the Chinese and US tariff exposures to firms. The purpose of doing this is to en-
sure that our baseline findings are not the results of coincidental correlations, which ap-
pear to be nevertheless likely enough to reveal in our empirical analysis.23 By assigning
randomly to the firms in our sample, we expect our earlier findings to disappear if our
envisaged mechanism is correctly identified.

Hence, firm f ’s “fictional” tariff exposure can be written as:

˜TariffType
f,t = TariffType

s,t , Type ∈ {US,CHN}, (6)

where s indexes a firm that is randomly drawn from our original estimation sample. That
is, f adopts the level of exposure that we have actually measured for any random firm
s we draw from a pool of about 190 thousand firms in our sample. Provided with these
randomly assigned fictional tariff exposure measures, we repeat our previous analysis
and report the results in Appendix Tables A.6-A.9. None of our previously significant
estimates can be reproduced in our placebo estimation, which lends support our baseline
results and their economic interpretation.

5.2.2 Control for pre-trends

Due to our short sample period, we are unable to directly observe any firm-level trends
before they receive treatment by tariffs. This raises concerns about the interpretation of
our results as a causal relationship. While it is plausible that firms that are exposed to
higher tariffs may exhibit lower labor demand, firms’ exports and import structure might
as well be correlated with their labor demand through other predetermined economic
trends. The validity of our research design depends on whether the exposure of firms to
tariffs was exogenous to other determinants of their labor demand and hiring behavior.

23A similar placebo test has been employed by Beverelli et al. (2017) to study the effect of restriction on
service trade.
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To address this concern, we draw on an alternative data source that allows us to ob-
serve actual employment and average wages paid for a small subset of our firms. We ob-
tain this information from the ASIP firm-level data set where we observe such variables
for the years 2012 and 2013, long before the trade war and the election of Donald Trump
for US president.24 Our inference relies on a falsification exercise in which we estimate
the observed firm-level change in (log) employment and (log) average wage payments be-
tween 2012 and 2013. A statistically significant coefficient for our measures of firm-level
tariff exposure would reveal an underlying long-term trend in our data and challenge our
identification.

Table A.10 presents the results of our test. Columns (1) and (2) suggest that exposure
to US tariffs during the recent trade war is positively, yet not significantly, related to em-
ployment growth. Hence, Chinese exporters that face higher US tariffs today tended to
have grown relatively faster than other firms, which is the opposite of our results for their
labor demand after the US tariff had been increased. In columns (3) and (4), we find that
wages grew slower among the more exposed firms, which is similar to our original find-
ings. However, also here the relationship is not statistically significant. China’s retaliation
against the US does also not suggest any underlying pre-trends in this subsample.

5.3 Firm Heterogeneity

In this last subsection, we explore the existence of heterogeneous responses across firms.
Based on their observed trade volumes in 2016 (i.e., exports plus imports), we allocate
each firm to one of three groups — small, medium and large. For each of these sub-
samples, we re-run our main specification as displayed in equation (3). Point estimates
and corresponding 95% confidence intervals are reported for each firm group in Figures
A.6-A.8.

Figure A.6 presents fixed effect estimates for labor demand, by firm-group for increas-
ing the US and Chinese tariffs respectively in panels (a) and (b). While the latter does not
reveal any systematic impact, as in our baseline results, we observe a clear tendency of
smaller and intermediate-sized exporters to respond to the US tariffs. While small firms
appear to post substantially fewer job-ads, large firms reveal only a marginal response.

These patterns are somewhat different for wages as displayed in Figure A.7. Although
we find again that large firms tend to be fairly resilient to the trade war, also small firms
do not reveal any statistically significant response. Only medium-sized exporters indi-

24As before, we matched firms based on the reported information of their company name and location.
The matched sample consists of 4,669 firms.
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cate major downward adjustments, which exceed the originally found effects from the
pooled sample. Figure A.9, panels (a)-(c), report results for our three alternative forms of
compensation. The fraction of jobs offering performance-based bonus payments increases
mostly among the small firms, but confidence intervals are larger suggesting that this is a
fairly heterogeneous group of firms. This is similar for their response in terms of subsidies
and insurance provisions, although the latter is significant for small firms. Medium-sized
and large firms seem to be similarly willing to offer bonuses and also more willing to offer
subsidies than smaller firms. This tendency is reversed in panel (c), where medium-sized
and large firms are essentially unresponsive to tariffs in terms of insurance provision.

An interesting pattern reveals from differential responses in job requirements across
firms as shown in Figure A.8. The negative effect of the US tariffs on skill demand, re-
ported in our main findings above, appears to be almost entirely driven by medium-sized
exporters. This group also responds with increasing skill demand to China’s retaliation
tariffs. Moreover, medium-sized firms reveal a substantial increase in their demand for
experienced workers as China’s retaliation came into effect. While small and large firms
are merely unresponsive along these dimensions, these results suggest that medium-sized
firms may have been most exposed to the US-China trade war. They adjust their hiring
behavior not only due to fewer revenues from US sales, but also due to fewer access to US
products. Their response to increasingly investing in skilled and experienced employees
may indicate that they switch to producing themselves the goods they used to import
from the US.

6 Concluding remarks

In this paper, we present novel micro-level evidence regarding the connection between
trade policy and the firm’s labor demand and hiring decisions. This article is one of only
a few studies that have examined this issue at the firm level and which are based on
panel data and hence able to follow individual firms through time. To the best of our
knowledge, it is the first study to address the effect of export and import tariff shocks on
firm-specific labor demand by leveraging the rich information from online job advertise-
ments that is typically obscure in the firm-level census or survey data.

The results show that firms responded to adverse cost shocks by lowering labor de-
mand and offering lower-paid salaries, and the effect is mostly driven by the cost shocks
to the final product. In contrast, cost shocks to using intermediate inputs are not found
to affect firm’s hiring decision significantly. The reduced wage is partially compensated
by the bonuses based on performance and non-wage compensations such as subsidy. We
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argue this is in line with the mechanism of substitution away from rigid to more flex-
ible (performance-based) wage schedules that could help firms in finding high-quality
employees to mitigate the impact of adverse cost shocks.

The results also suggest that cost shocks also impose a distributional effect on firm’s
labor demand, as captured by the negative relationship between US-tariff exposure and
firm’s education requirement in job ads. By investigating the skill intensity of products
exported to and imported from the US by Chinese firms, we find it is explained by the
reduction in skill-demand embodied in tariff shocks and show that US tariffs dispropor-
tionately targeted relatively skill-intensive industries.

This paper makes a positive contribution to our understanding of how employment
responds to cost shocks. Overall, our study suggests that the US-China trade war has hurt
both firms and job-seekers. Mainly so, because positive effects of protectionist policies do
not materialize while the additional costs imposed on firms enforce immediate adjust-
ments that result in slower job growth. Building on this notion, our empirical evidence
also suggests a route forward in trying to understand the forces behind the heterogeneous
labor adjustment induced by import and export tariff shocks.

25



References

Abowd, John M. and Francis Kramarz, “The costs of hiring and separations,” Labour
Economics, October 2003, 10 (5), 499–530.

Amiti, Mary and Caroline Freund, The Anatomy of China’s Export Growth, University of
Chicago Press, March

, Stephen J Redding, and David Weinstein, “The Impact of the 2018 Trade War on US
Prices and Welfare,” NBER Working Paper #25672, 2019.

Atkin, David, “Endogenous skill acquisition and export manufacturing in Mexico,”
American Economic Review, 2016, 106 (8), 2046–85.

Azar, José A, Ioana Marinescu, Marshall I Steinbaum, and Bledi Taska, “Concentration
in US labor markets: Evidence from online vacancy data,” Technical Report, National
Bureau of Economic Research 2018.

Benguria, Felipe, Jaerim Choi, Mingzhi Xu, and Swenson Deborah, “Anxiety or Pain?
The Impact of Tariffs and Uncertainty on Chinese Firms in the Trade War,” Working
Paper, 2020.

Beverelli, Cosimo, Matteo Fiorini, and Bernard Hoekman, “Services trade policy and
manufacturing productivity: The role of institutions,” Journal of International Economics,
2017, 104, 166–182.

Blanchard, Emily J and William W Olney, “Globalization and human capital investment:
Export composition drives educational attainment,” Journal of International Economics,
2017, 106, 165–183.

Bown, Chad and Melina Kolb, “Trump’s Trade War Timeline: An Up-To-Date Guide,”
Peterson Institute for International Economics, 2019, May.

Brown, Jennifer and David A Matsa, “Boarding a sinking ship? An investigation of job
applications to distressed firms,” The Journal of Finance, 2016, 71 (2), 507–550.

Cai, Jie and Andrey Stoyanov, “Population aging and comparative advantage,” Journal
of International Economics, 2016, 102, 1–21.

Davis, Steven J, R Jason Faberman, and John C Haltiwanger, “The establishment-level
behavior of vacancies and hiring,” The Quarterly Journal of Economics, 2013, 128 (2), 581–
622.

26



, , and John Haltiwanger, “Labor market flows in the cross section and over time,”
Journal of Monetary Economics, 2012, 59 (1), 1–18.

Deming, David and Lisa B Kahn, “Skill requirements across firms and labor markets:
Evidence from job postings for professionals,” Journal of Labor Economics, 2018, 36 (S1),
S337—-S369.

Faberman, R Jason and Marianna Kudlyak, “What does online job search tell us about
the labor market?,” Economic Perspectives, Federal Reserve Bank of Chicago, 2016, 1 (1),
1–15.

Fajgelbaum, Pablo D, Pinelopi K Goldberg, Patrick J Kennedy, and Amit K Khandel-
wal, “The Return to Protectionism,” NBER Working Paper #25638, 2019.

Goswami, Sanjana, “Employment Consequences of U.S. Trade Wars,” https://

sanjanagoswami.github.io/files/SGoswami_JMP.pdf, University of Califor-
nia, Irvine January 2020.

Handley, Kyle, “Exporting under trade policy uncertainty: Theory and evidence,” Journal
of International Economics, 2014, 94 (1), 50–66.

and Nuno Limão, “Trade and Investment under Policy Uncertainty: Theory and Firm
Evidence,” American Economic Journal: Economic Policy, November 2015, 7 (4), 189–222.

, Fariha Kamal, and Ryan Monarch, “Rising Import Tariffs, Falling Export Growth:
When Modern Supply Chains Meet Old-Style Protectionism,” NBER Working Papers
26611, National Bureau of Economic Research, Inc January 2020.

Huang, Yi, Chen Lin, Sibo Liu, and Heiwai Tang, “Trade Networks and Firm Value:
Evidence from the US-China Trade War,” Technical Report December 2019.

Kahn, Lisa B. and Brad Hershbein, “Do recessions accelerate routine-biased technologi-
cal change?,” American Economic Review, 2018, 108 (7), 1737–1772.

Kuhn, Peter and Kailing Shen, “GENDER DISCRIMINATION IN JOB ADS: EVIDENCE
FROM CHINA* Peter Kuhn and Kailing Shen,” The Quarterly Journal of Economics, 2013,
pp. 287–336.

and Mikal Skuterud, “Internet job search and unemployment durations,” American
Economic Review, 2004, 94 (1), 218–232.

Li, M, “CARD Trade War Tariffs Database,” 2018.

27

https://sanjanagoswami.github.io/files/SGoswami_JMP.pdf
https://sanjanagoswami.github.io/files/SGoswami_JMP.pdf


Liu, Tim, Christos Makridis, Paige Ouimet, and Elena Simintzi, “The distribution
of non-wage benefits: Maternity benefits and gender diversity,” Available at SSRN
3088067, 2019.

Luft, Joan, “Bonus and penalty incentives contract choice by employees,” Journal of Ac-
counting and Economics, 1994, 18 (2), 181–206.

Mamertino, Mariano and Tara M Sinclair, “Online Job Search and Migration Intentions
Across EU Member States,” Institute for International Economic Policy Working Paper Se-
ries, 2016.

Marinescu, Ioana, “The general equilibrium impacts of unemployment insurance: Evi-
dence from a large online job board,” Journal of Public Economics, 2017, 150, 14–29.

and Roland Rathelot, “Mismatch unemployment and the geography of job search,”
American Economic Journal: Macroeconomics, 2018, 10 (3), 42–70.

Mau, Karsten and Mingzhi Xu, “Economic growth and complexity across Chinese re-
gions: the role of cost-saving production diffusion,” 2019.

Meinen, Philipp, Patrick Schulte, Simone Cigna, and Nils Steinhoff, “The Impact of
US Tariffs Against China on US Imports: Evidence for Trade Diversion?,” Deutsche
Bundesbank Discussion Paper 46-2019, Deutsche Bundesbank 2019.

Turrell, Arthur, Bradley Speigner, Jyldyz Djumalieva, David Copple, and James Thur-
good, “Transforming Naturally Occurring Text Data Into Economic Statistics: The Case
of Online Job Vacancy Postings,” National Bureau of Economic Research, 2019.

Waugh, Michael E, “The Consumption Response to Trade Shocks: Evidence from the
US-China Trade War,” Working Paper 26353, National Bureau of Economic Research
October 2019.

Woodbury, Stephen A, “Substitution between wage and nonwage benefits,” The American
Economic Review, 1983, 73 (1), 166–182.

Wooldridge, Jeffrey M, Econometric analysis of cross section and panel data, MIT press, 2010.

28



Appendix

A Data Appendix

A.1 Vacancy Data

Our data of job vacancies are collected from 51job.com. By using a web crawler that
automatically search for job vacancies posted on 51job.com, we collect information of
job vacancies and firms on a regular basis. An illustrative example is as following. For
a certain month, we initiate a scraping program at 8:00AM on Day 8 to collect job ads
posted during Day 1 to Day 7. All the job ads listed on 51job.com during the time frame
are excerpted and stored by the collected date. Job vacancies characteristics are collected
from the html file of each job. Firm characteristics are extracted from the linked firm’s
page of each job. On the subsequent rounds, we repeat all the procedures at the same
time for consistency on Day 15, Day 23 and Day 30, respectively, and capture all listed job
ads, including reposted jobs. Because of the large online storage of historical information
on 51job.com, this retrospective method is able to cover every job posted or renewed on
the site within the time span. After gathering the data for the whole month, we delete the
duplicated job ads that have exact same context.

A.2 Firm Survey Data

The annual city-industry specific employment sources from the Annual Survey of Indus-
trial Production (ASIP) conducted by the National Bureau of Statistics of China (1998 to
2013). The dataset surveys all types of firms (state-owned / non-state owned) whose rev-
enue is more than five million RMB each year in the manufacturing sector. The sample
size varies from 165,119 in 1998 to 336,768 in 2007. ASIP provides us with the employment
at the firm level.
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B Figure Appendix

Figure A.1: Firm distribution over City Wage Rank

(a) By industry

(b) By scale

(c) By Onwership
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Figure A.2: City rank of job vacancies

(a) vs. 2018 City Statistics

(b) vs. 2018 Zhaopin.com

Notes: Each axis presents the city rank of density of job vacancies from a data set. To facilitate com-
parison across datasets, we standardize the level of vacancies to be a city rank within [0, 288], where
a larger number stands for a higher level of density of job vacancies. In Figure A.2(a), we compare
our data (51job.com 2019) to the 2018 urban employment from China City Statistics Year Book. In Figure
A.2(b), we compare our data to zhaopin.com 2018. Points below rank 50 are not shown for neatness as
the points in zhaopin data are too close to each other.
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B.1 Firm-specific Tariff Exposure Measures

Figure A.3: Average U.S. and Chinese Tariffs (Firm Level)

(a) US Tariff on Chinese Goods (b) Chinese Tariff on the US Goods

B.2 Tariff Shocks and Product Skill Intensity

Figure A.4: Skill Intensity: Industries Affected by US Tariffs on Chinese Products

(a) Distribution of Industry Skill Intensity (b) Industry Skill Intensity and Tariff Change
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Figure A.5: Skill Intensity: Industries Affected by Chinese Tariffs on US Products

(a) Distribution of Industry Skill Intensity (b) Industry Skill Intensity and Tariff Change

B.3 Heterogeneous Response to Tariff Shocks

Figure A.6: Heterogeneous Response in the Number of Job Vacancies
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Figure A.7: Heterogeneous Response in Wage Schedule
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Figure A.8: Heterogeneous Response in Job Requirement

(a) College Degree (or above)

(b) Work experience (years)
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Figure A.9: Heterogeneous Response in Non-Wage Compensation

(a) Share of Jobs Offering Bonus

(b) Share of Jobs Offering Subsidy

(c) Share of Jobs Offering Insurance
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C Table Appendix

Table A.1: Cross-validation: sample means across data sources

Sample mean
51job (2019) Zhaopin (2008-10) Census (2005)

Wage distribution
1500 or lower 0.956 0.145 0.778
1501-3000 0.00 0.164 0.176
3001-4000 0.00 0.214 0.021
4001-8000 0.025 0.244 0.022
8001 or higher 0.008 0.126 0.003
Education
High school or below 0.228 0.114 0.766
Some College 0.772 0.886 0.235
Firm ownership
Private sector 0.742 0.930 0.589
SOE and collectives 0.059 0.070 0.271
Industry
Primary, manufacturing and utility 0.432 0.267 0.453
Construction and transportation 0.068 0.135 0.118
IT and communication 0.299 0.185 0.016
Finance, insurance and real estate 0.013 0.052 0.063
Health, education and welfare 0.163 0.033 0.102
Trade, hospitality and entertainment 0.130 0.175 0.165
Public sector 0.034 0.000 0.060

Notes: Our 51job sample consists of job vacancies collected from 51job.com from May to Novem-
ber 2019. Sample Zhaopin is used in Kuhn and Shen (2013), who collected job ads posted on
Zhaopin.com for several months during 2008 to 2010. 2005 Census data of urban employment comes
from 2005 1% National Population Sample Survey conducted by China’s National Bureau of Statis-
tics. Kuhn and Shen (2013) pick the urban employment from eight highest-income provinces to
compare the sample characteristics with their data from Zhaopin.com in 2008-2010 for the similarity
of job locations.
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Table A.3: Summary of Industry Tariff by Month

Time τ̄US
t τ̄CHN

t
Mean Std. Dev. Mean Std. Dev.

2018m1 0.036 0.102 0.092 0.069
2018m2 0.036 0.103 0.092 0.069
2018m3 0.036 0.103 0.092 0.069
2018m4 0.045 0.110 0.095 0.075
2018m5 0.045 0.110 0.095 0.075
2018m6 0.045 0.110 0.095 0.075
2018m7 0.074 0.129 0.095 0.100
2018m8 0.074 0.129 0.095 0.100
2018m9 0.084 0.139 0.104 0.110
2018m10 0.144 0.130 0.172 0.100
2018m11 0.144 0.130 0.167 0.098
2018m12 0.144 0.130 0.167 0.098
2019m1 0.144 0.130 0.166 0.097
2019m2 0.144 0.130 0.166 0.097
2019m3 0.144 0.130 0.166 0.097
2019m4 0.144 0.130 0.166 0.097
2019m5 0.232 0.151 0.166 0.097
2019m6 0.232 0.151 0.251 0.114
2019m7 0.232 0.151 0.251 0.114
2019m8 0.232 0.151 0.251 0.114
2019m9 0.232 0.151 0.251 0.114
2019m10 0.232 0.151 0.251 0.114
2019m11 0.232 0.151 0.251 0.114
2019m12 0.232 0.151 0.251 0.114

Notes: The table summarizes tariff imposed by China and
the US, respectively. For each country, the mean value of
tariff is calculated as the simple average across sector-level
tariff across HS 6-digit code.
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Table A.4: Summary of Firm-level Tariff by Month

Time TariffUS
ft TariffCHN

ft

Mean Std. Dev. Mean Std. Dev.
2018m1 0.029 0.038 0.058 0.043
2018m2 0.031 0.042 0.058 0.043
2018m3 0.031 0.042 0.058 0.043
2018m4 0.032 0.044 0.060 0.047
2018m5 0.032 0.044 0.059 0.047
2018m6 0.032 0.044 0.059 0.047
2018m7 0.095 0.099 0.059 0.060
2018m8 0.095 0.099 0.059 0.060
2018m9 0.117 0.125 0.078 0.085

2018m10 0.169 0.120 0.141 0.083
2018m11 0.169 0.120 0.138 0.081
2018m12 0.169 0.120 0.138 0.081
2019m1 0.169 0.120 0.136 0.078
2019m2 0.169 0.120 0.136 0.078
2019m3 0.169 0.120 0.136 0.078
2019m4 0.169 0.120 0.136 0.078
2019m5 0.247 0.141 0.136 0.078
2019m6 0.247 0.141 0.206 0.096
2019m7 0.247 0.141 0.206 0.096
2019m8 0.247 0.141 0.206 0.096
2019m9 0.247 0.141 0.206 0.096

2019m10 0.247 0.141 0.206 0.096
2019m11 0.247 0.141 0.206 0.096
2019m12 0.247 0.141 0.206 0.096

Notes: The table summarizes firm-level tariff imposed by
China and the US, respectively. For each country, the mean
value of tariff is calculated as the simple average across
firms.
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Table A.5: Variable Description

Variable Description
Wage A numeric variable that captures the wage level (in 1000 US dollars) for

each job vacancy. In each job ad, the wage information is listed in the
format as a closed interval. We record two end points as the minimum
wage and maximum wage, respectively, and take the midpoint of the
interval as the mean wage.

Bonus An indicator variable that equals if employers commit to provide a per-
formance appraisal in addition to basic wage for a job.

Subsidy An indicator variable that equals to one if employers commit to pro-
vide overtime subsidies, transportation, communication, and meal al-
lowance for a job.

Insurance An indicator variable that equals to one if employers commit to provide
five insurances (unemployment, endowment, medial, work-related in-
jury and maternity) for a job.

College Degree Requirement An indicator variable that equals to one for jobs that require at least
a college degree. Employers choose from the following standardized
options the minimum level of education required for each job vacancy:
middle school, high school, (3 or 4 years) college degree, master degree,
and PhD degree.

Experience Requirement A numeric variable that captures the years of working experience re-
quired for each job vacancy. Employers choose from the following stan-
dardized options the years of working experience required for each job
vacancy: no experience needed, 1 year, 2 years, 3-4 years, 5-7 years, 8-
9 years, and 10 years or above. For each interval, we record two end
points and the midpoint as the minimum experience, maximum expe-
rience and mean experience, respectively. We record zero for the option
"no experience needed", and 10 the option "10 years or above".
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C.1 Robustness Checks

Table A.6: Placebo - Number of Job Vacancies

Dept var: Linear Models Poisson Regression
Nv

ft (1) FE (2) FE (3) FE (4) FE

(A) One-period lagged tariff

ln(1 + TariffCHN
ft−1) -4.247* -3.753* -0.386 -0.187

(1.917) (1.854) (0.305) (0.260)
ln(1 + TariffUS

ft−1) -0.576 -0.511 -0.017 -0.133
(1.059) (0.996) (0.200) (0.221)

Observations 189,279 189,279 189,272 189,272
R-squared 0.761 0.763 - -
City Control - Y - Y
Firm FE Y Y Y Y
Month FE Y Y Y Y

Notes: Details see Table 3.

Table A.7: Placebo - Wage (one-period lagged tariff)

Dept var: Min Wage Mean Wage Max Wage Wage Dispersion
(1) FE (2) FE (3) FE (4) FE (5) FE (6) FE (7) FE (8) FE

ln(1 + TariffCHN
ft−1) -0.005 -0.005 0.006 0.006 0.008 0.008 0.013 0.014

(0.040) (0.040) (0.047) (0.047) (0.052) (0.052) (0.017) (0.017)
ln(1 + TariffUS

ft−1) -0.011 -0.011 -0.010 -0.010 -0.010 -0.010 0.001 0.001
(0.026) (0.026) (0.033) (0.033) (0.037) (0.037) (0.018) (0.018)

Observations 107,800 107,800 107,800 107,800 107,800 107,800 107,800 107,800
R-squared 0.738 0.738 0.734 0.734 0.732 0.732 0.736 0.736
City Control - Y - Y - Y - Y
Firm FE Y Y Y Y Y Y Y Y
Month FE Y Y Y Y Y Y Y Y

Notes: Details see Table 4.
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Table A.8: Placebo - None-wage Compensation (one-period lagged tariff)

Dept var: Bonus Subsidy Insurance
(1) FE (2) FE (3) FE (4) FE (5) FE (6) FE

ln(1 + TariffCHN
ft−1) -0.003 -0.012 0.030 0.033 -0.006 -0.013

(0.046) (0.045) (0.036) (0.037) (0.036) (0.040)
ln(1 + TariffUS

ft−1) 0.018 0.019 -0.023 -0.025 -0.010 -0.020
(0.032) (0.036) (0.017) (0.017) (0.021) (0.019)

Observations 109,158 107,800 109,158 107,800 109,158 107,800
R-squared 0.854 0.855 0.863 0.863 0.863 0.864
City Control - Y - Y - Y
Firm FE Y Y Y Y Y Y
Month FE Y Y Y Y Y Y

Notes: Details see Table 5.

Table A.9: Placebo - Job Requirement (one-period lagged tariff)

Dept var: College Degree Min Experience Mean Experience Max Experience
(1) FE (2) FE (3) FE (4) FE (5) FE (6) FE (7) FE (8) FE

ln(1 + TariffCHN
ft−1) -0.029 -0.040 -0.172 -0.161 -0.203 -0.191 -0.235 -0.220

(0.052) (0.048) (0.168) (0.143) (0.198) (0.168) (0.229) (0.193)
ln(1 + TariffUS

ft−1) 0.067* 0.068* -0.035 -0.015 -0.053 -0.029 -0.072 -0.042
(0.030) (0.029) (0.147) (0.116) (0.176) (0.140) (0.205) (0.164)

Observations 109,158 107,800 108,877 107,544 108,877 107,544 108,877 107,544
R-squared 0.696 0.712 0.697 0.745 0.696 0.745 0.694 0.745
City Control - Y - Y - Y - Y
Firm FE Y Y Y Y Y Y Y Y
Month FE Y Y Y Y Y Y Y Y

Notes: Details see Table 6.
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Table A.10: Robustness: Pretrend Test

Dept var: d ln empf,2012−2013 d lnwf,2012−2013

(1) FE (2) FE (3) FE (4) FE

∆TariffCHN
f,2018−2019 -0.034 -0.053 0.051 0.066

(0.093) (0.097) (0.119) (0.118)
∆TariffUS

f,2018−2019 0.061 0.071 -0.086 -0.094
(0.082) (0.078) (0.094) (0.093)

Observations 4,669 4,669 4,669 4,669
R-squared 0.129 0.147 0.123 0.131
Firm Control - Y - Y
City FE Y Y Y Y
Industry FE Y Y Y Y

Notes: Firm wage and employment use ASIP data in 2012 and 2013.
Firm control is the logarithmic firm sales in 2012. Robust standard
errors are clustered at the city level and are reported in parenthe-
ses. *** p<0.01, ** p<0.05, * p<0.1. .
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