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1. Introduction

“One by one, the factories shuttered and left our shores, with not even a thought

about the millions upon millions of American workers left behind”

- President Trump, Inaugural Address, 2017

In 2018, after many decades of focus on lowering barriers to international trade, the US

embarked on a wave of protectionism, unilaterally raising tariffs on imports from many of its

major trade partners. Tariffs were levied in several rounds, covering approximately 12 per-

cent of total US imports by the end of 2018. One of the central justifications offered for this

unprecedented shift in trade policy was boosting the competitiveness of the US manufac-

turing sector and protecting US manufacturing jobs. This was a common theme during the

Trump Presidency, as is reflected in statements such as that listed above and the promise that

‘we will bring back our jobs.’1 In response to the US tariffs, from April 2018 onward, the US’s

main import partners, starting with China, then followed by Mexico, Turkey, the European

Union, Canada and Russia, all levied retaliatory tariffs on US exports. By the end of 2018,

these had covered approximately 8 percent of the US’s total exports.2

While many of the impacts of this trade war, such as on trade flows, prices and consump-

tion, have now been well documented, research on the labor market consequences of the

trade war remains more scarce. Did these tariffs really achieve the goal of improving job op-

portunities for US workers? In this paper, we aim to shed light on this question by studying

how the trade war affected the posting of online job adverts during the immediate aftermath

of the tariff hikes in 2018. In contrast to official employment statistics, which capture both

labor demand and supply-side factors and provide only total employment counts, online job

adverts provide an almost real-time proxy for firms’ intentions to hire and include compre-

hensive and rich information on the characteristics of jobs on offer. This allows us to cleanly

pin down the link between trade policy and labor markets.

We investigate three key ways in which the trade war could have affected online job post-

ings in the US: (i) the impact of protection for US firms from import competition (‘output

tariff exposure’), (ii) the impact of the higher cost of imported inputs for US producers (‘in-

1https://www.whitehouse.gov/briefings-statements/the-inaugural-address
2A detailed overview of the US Trade War timeline is provided by Bown and Kolb (2019), and Crowley, ed

(2019) presents a discussion of key elements of the conflict, including its origins, costs, and the challenges it
poses for the future.
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put tariff exposure’) and (iii) the impact of the retaliatory tariffs levied by third-countries on

US exports (‘export tariff exposure’).

To test the impacts of the tariffs, we employ a shift-share estimation strategy that exploits

the timing of the tariffs and the ex ante reliance of each commuting zone’s labor force on

trade in tariff-affected products. We measure labor force exposure to the future tariffs by

combining commuting zone pre-trade war industry employment shares with the national

reliance of each industry’s employment on trade in specific products. For output and export

tariff exposure, we map the product-level US import tariffs to the industries producing the

same goods. For the intermediate import tariff exposure, we use an input-output matrix to

measure the reliance of downstream US industries on imported inputs that were affected by

the tariffs. A panel data specification with commuting zone fixed effects then allows us to

relate the changes in tariffs to changes in postings, removing all time-invariant commuting

zone characteristics.

Although lists of targeted tariffs were typically released ahead of implementation, signif-

icant uncertainty surrounded the specific dates, products and source countries that would

be affected by the tariffs. This meant that the timing and composition of the tariffs by prod-

uct and country was largely unanticipated, as has been emphasised by several studies on the

trade war including Flaaen and Pierce (2021), Amiti et al. (2019) and Fajgelbaum et al. (2020).

These papers have also demonstrated that there was little evidence of pre-trends in trade,

prices or employment in the tariff affected products or industries. In terms of of the orthog-

onality conditions required for our shift-share strategy to be valid, we hence view the case

for causal identification as stemming from the plausible exogeneity of the time-varying tariff

shocks. The results of robustness checks suggested by Borusyak et al. (2022) provide support

for the validity of this strategy.

We find that both the retaliatory export and imported input tariffs had an economically

meaningful negative impact on job postings. In contrast, the impact of output tariffs is not

statistically significant once imported input tariffs are controlled for. In terms of magnitude,

a one-standard-deviation increase in commuting zone input tariff exposure led to a 3.6 per-

cent decrease in online job postings, and a one-standard-deviation increase in commuting

zone export tariff exposure led to a 7.3 percent decrease in online job postings. A back-of-the-

envelope counterfactual calculation shows a estimated combined effect of approximately

3



137,000 fewer job postings, split between impacts from imported input tariffs and retalia-

tory tariffs. The lost postings represent a 0.5 percent decrease for the whole of 2018 and a 0.9

percent decrease for the second half of the year. These results provide evidence, therefore, of

an overall negative impact of the trade war on the advertising of job openings, which could

reflect either lower firm employment growth, firm downsizing or closures.

Both higher skilled and lower skilled job postings were affected by the tariffs on imported

inputs and on exports. While intermediate input tariffs had a somewhat greater impact on

lower skilled jobs, retaliatory tariffs had a greater impact on higher skilled jobs. In terms of

occupations, the intermediate input tariffs negatively affected job adverts in farming, fishing

and forestry; construction and extraction; as well as transportation and material moving. For

retaliatory tariffs, job adverts for cleaning, maintenance and repair, and production workers

were negatively affected. The two types of tariffs had also a negative impact on some services

industries, including adverts for managerial and professional positions. Both part-time and

full-time jobs were negatively affected by intermediate input tariff and by retaliatory tariffs,

with the former tariffs having a greater impact on part-time jobs and the latter on full-time

jobs. Neither type of tariffs has a robust effect on internships.

The data allow us to observe how long each posting remained online (with a cap of 60

days as the maximum duration recorded). We use this information to proxy for how quickly

jobs were filled, while noting that a firm taking down a posting need not mean it is necessar-

ily filled and vice versa. As many platforms take postings down by default after 30 days, we

consider the share of postings taken down within four weeks. The results indicate that com-

muting zones with a greater exposure to imported input and export tariffs saw a higher share

of postings taken down within this time frame. This is true for both high and low skilled jobs,

with the magnitude of the export tariff exposure being larger for low skilled postings. The

shorter duration is consistent with greater competition for jobs in an environment where la-

bor demand is weaker.

In an extension of our analysis, we additionally control for the US agricultural subsidies

announced in July 2018 as a response to the retaliatory tariffs, finding some evidence of a

positive impact on job postings, with the subsidies being less effective in commuting zones

that were more exposed to the retaliatory tariffs.

We conduct various robustness checks, including an event study, a placebo test, allowing
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for region-, division-, state- or commuting-zone-specific time trends, experimenting with

alternative clustering and using alternative constructions of the exposure measures. The tests

provide support for our main findings. To allay concerns related to possible over-rejection

in statistical inference with the use of Bartik measures, we also construct adjusted standard

errors following Adao et al. (2019) and Borusyak et al. (2022) and find that our results are

robust to this change.

Neoclassical trade theory stemming back to Dixit and Norman (1980) would suggest that

the impact of more expensive imported inputs on US firms should depend on the tariff pass-

through rate to US producers and the extent to which firms are able to costlessly substitute

the tariff-affected imported inputs with other alternatives. Several papers, including Amiti

et al. (2019), Cavallo et al. (2021), Fajgelbaum et al. (2020), and Flaaen et al. (2020), have

documented a high degree of pass through of the US tariffs to both domestic importers and

retail prices. Flaaen and Pierce (2021) have also documented that the tariffs raised producer

prices, pointing to a limited degree of substitution. Likewise, Handley et al. (2020) found that

the US import tariffs on inputs led to reduced US exports. Through this lens, a high degree

of tariff pass-through and low degree of substitution can thus provide an explanation for our

results on imported input tariffs.

The theoretical impacts of retaliatory tariffs should also depend on the incidence of the

tariffs and demand response of foreign consumers. Empirical evidence to date also shows

a high degree of pass-through of retaliatory tariffs, although is somewhat more mixed, with

Cavallo et al. (2021) showing that US exporters dropped their prices in the face of retaliatory

tariffs, pointing to lower revenues for US exporters. Our results are hence consistent with

an explanation of retaliatory tariffs resulting in a negative demand response from foreign

consumers and US firms being affected by lower prices or revenues.

But why don’t we find any positive effects of output tariffs on job postings? Such tariffs

are typically justified on the grounds that they raise the price of imports, increasing the com-

petitiveness of domestic firms and thus boosting domestic employment. Trade theory points

to three conditions that are required for this to be the case. The first is that the tariffs are

passed through to domestic prices for the affected imports, rather than the incidence of the

tariffs falling on foreign exporters. The second is that there is a high trade elasticity, meaning

that the higher prices of the affected imports result in consumers purchasing less of them.
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The third is that consumers substitute these imports with domestically produced varieties,

rather than with imports from other countries. The existing research outlined above points

to the first two conditions having held, with evidence of a high pass-through rate and trade

elasticity. However, the extent to which the third condition held is less clear: Fajgelbaum et

al. (2022), Alfaro and Chor (2023), Freund et al. (2023), and Javorcik et al. (2023) have shown

that the tariffs resulted in an increase in US imports from countries not subject to tariffs. A

further possibility could be that, despite gaining market share, US producers did not expand

by hiring more workers. Alternatively, our short-run analysis may not have picked up longer

term positive effects.

Our results thus resonate with a growing literature on the trade war concluding that in

an interdependent international economy with global supply chains, the likelihood of trade

diversion, retaliation and indirectly raising firms’ supply chain costs all render tariffs a blunt

instrument for protecting domestic producers. We make several contributions to the litera-

ture on the impacts of the trade war. We add new evidence on the labor market consequences

of the trade war using a novel outcome – on-line job advertisements – that has not been con-

sidered in the trade context before. Our findings are consistent with the conclusions from

Flaaen and Pierce (2021), who investigate the impact of the trade war on manufacturing em-

ployment at the industry level, finding that the tariffs were associated with relative declines in

US manufacturing employment due to the rising imported input costs and export retaliation,

which more than offset the gains from import protection. In fact, it is striking how similar the

relative magnitudes and significance of the three channels are to the results of Flaaen and

Pierce (2021), despite the use of different data and a different empirical strategy. Our find-

ings are also in line with the regional analysis of Waugh (2019), who concentrates specifically

on the retaliatory Chinese tariffs, finding that retaliatory tariffs lowered retail employment

growth. Finally, our findings echo the results of a working paper by Goswami (2020) that

commuting zones subject to higher retaliatory tariffs experienced lower employment growth,

with no effects found from import protection.

We demonstrate that a key channel through which employment effects materialised was

on the demand side through reduced job openings, particularly for lower skilled workers. We

also show that labor market effects were felt more broadly than by the manufacturing sector

alone. In addition, our data with detailed geographic, time series and occupational varia-
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tion allows us to pin down the causal impact of the tariffs more tightly by exploiting actual

monthly changes in tariffs and by using a shift-share identification strategy with commuting

zone fixed effects, which mitigates potential industry-level confounding effects.

Second, we add further evidence to the broader understanding on the economic conse-

quences of the trade war.3 In addition to the literature on tariff incidence and trade quantities

discussed above, there is a growing literature documenting the impacts of the trade war on

firm performance. For example, Huang et al. (2021) and Amiti et al. (2020) show how the

trade war affected firms’ financial performance, with negative effects for stock returns and

investment. On the China side, Chor and Li (2021) show how the US tariffs lowered indus-

trial activity of Chinese firms. Our results reinforce the conclusions of these papers that the

impacts of tariffs in a globally integrated economy are complex, with the possibility that the

unintended consequences from the tariffs outweigh the gains from import protection.

Finally, this paper also contributes to a burgeoning literature focusing on the labor market

consequences of both trade integration and the recent retreat from global integration. An

influential literature has documented the large job-reducing effects of imports from China

on the U.S. labor market (e.g. Autor et al. (2013), Pierce and Schott (2016)). On the other side

of the coin, the job-creating effects of exports to China have also been documented (e.g. by

Feenstra et al. (2019)). A growing literature is also documenting the negative labor market

consequences of a retreat from global integration, (e.g. Javorcik et al. (2020) in the context

of the UK leaving the European Union). This paper adds to the literature by suggesting that

unilaterally raising tariffs does not appear to be an effective solution to remedy the negative

labor market consequences of import competition.

The paper proceeds as follows: Section 2 provides background information on the trade

war, Section 3 summarises the data sources used and construction of the exposure measures,

Section 4 outlines the empirical strategy, Section 5 presents the results, Section 6 the robust-

ness checks, and Section 7 concludes.

2. Background on the 2018 tariffs

This paper focuses on the tariffs introduced in 2018, both by the US on imports from var-

ious partners, as well as by these partners on US exports. Table 1 displays a summary of

3For a recent survey on this literature, see Fajgelbaum and Khandelwal (2022).
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the timeline for the introduction of tariffs.4 Following Bown and Kolb (2019), we split the

trade disputes and associated tariff changes into three key ‘battles’: solar panel and washing

machines; steel and aluminium; and unfair trade practices for technology and intellectual

property. We briefly discuss each one in turn in the following subsections but refer the reader

to Bown and Kolb (2019) for a more detailed account.

As contextual background, the World Trade Organisation (WTO), and before it the General

Agreement on Tariffs and Trade (GATT), had been introduced to provide a rules-based sys-

tem for international trade, and resulted in dramatic decreases in tariff barriers and greater

predictability in global trade policy over the two decades prior to the trade war. The unilat-

eral actions of the US, for which the dispute resolution mechanisms of the WTO were largely

sidelined, led to a fast ramping up of tariffs, which were product and source country specific.

In order to justify these actions, the US relied on a number of relatively infrequently used

articles within US trade law such as those relating to a ‘national security threat’ and ‘global

safeguards’, discussed in more detail below.5

It is important to note that 2018 was a period of great uncertainty for importers and ex-

porters in the US. Although lists of targeted tariff lines were typically announced in advance of

the actual change, these lists were frequently subject to substantial modifications in terms of

the specific products included, the rates that those products would face, and which countries

would be affected or exempt. Moreover, negotiations were ongoing throughout the period

with the aim of halting any future increases in tariffs on both sides, and there were several

occasions where changes were delayed or halted at the last minute (see below for examples).

The result of this was that firms would have been unable to predict any extra costs or benefits

they might experience with any certainty until the actual day of tariff implementation. This

is important for the estimation of the effects of tariffs on job postings as discussed in Section

4.

4As summarised by Fajgelbaum et al. (2020).
5Section 201 of the Trade Act of 1974 allows protection if an import surge is a substantial cause of serious

injury to an industry (invoked for tariffs on imported washing machines and solar panels). Section 232 of the
Trade Expansion Act of 1962 allows the United States to impose tariffs when imports threaten to impair national
security (invoked for imposing tariffs on imported steel and aluminum). Section 301 of the Trade Act of 1974 al-
lows for protection if a trading partner is deemed to have violated a trade agreement or engages in unreasonable
practices that burden US commerce (invoked for tariffs on US imports from China).

8



Table 1: Timeline of tariff increases

Tariff wave Date enacted Products 2017 imports Tariff (%)

(# HS-10) (mil US$) (%) 2017 2018

Panel A: Tariffs on U.S. imports enacted by the United States in 2018
Solar panels 7th Feb, 2018 8 5,782 0.2 0 30
Washing machines 7th Feb, 2018 8 2,105 0.1 1.3 32.2
Aluminum Mar–Jun, 2018 67 17,685 0.7 2 12
Iron and steel Mar–Jun, 2018 753 30,523 1.3 0 25
China 1 6th July, 2018 1,672 33,510 1.4 1.3 26.2
China 2 23rd Aug, 2018 433 14,101 0.6 2.7 27
China 3 24th Sep, 2018 9,102 199,264 8.3 3.3 12.9
Total 12,043 302,970 12.7 2.6 16.6

Panel B: Retaliatory tariffs on U.S. exports enacted by trading partners in 2018
China Apr–Sep, 2018 7,474 92,518 6 8.4 18.9
Mexico 5th Jun, 2018 232 6,746 0.4 9.6 28
Turkey 21st Jun, 2018 244 1,554 0.1 9.7 31.8
European Union 22nd Jun, 2018 303 8,244 0.5 3.9 29.2
Canada 1st July, 2018 325 17,818 1.2 2.1 20.2
Russia 6 Aug, 2018 163 268 0 5.2 36.8
Total 8,073 127,149 8.2 7.3 20.4

Notes: Reproduced based on Fajgelbaum et al. (2020). Panels display unweighted monthly 10-digit HS
country average tariff rates. 2017 tariff rates computed as annual average; 2018 rates computed in Decem-
ber 2018. Total tariff rates represent trade-weighted average of row values. Import/export share denomi-
nator is total 2017 annual US$ value of all U.S. imports/exports. US government announced import tariffs
on aluminum and steel on March 23 but granted exemptions for Mexico, Canada, and the EU which were
later lifted on 1st June. Chinese retaliation dates are 6th April, 2nd July, 23rd August, and 24th September.
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2.1 Solar panel and washing machine import tariffs

In response to two industries’ requests for investigation under Section 201 of the Trade Act

of 1974, President Trump imposed safeguarding tariffs on $1.8 billion in imports of washing

machines, and on $8.5 billion in imports of solar panels on the 22nd January 2018. This was

followed, on the 5th February, by China launching anti-dumping and countervailing duty

investigations into US exports of sorghum. Although not explicitly retaliatory in nature, the

timing implies a link with the US tariff increases. China went on to initiate anti-dumping

duties of 178.6 percent on its imports of sorghum from the US, and South Korea followed by

filing a dispute at the WTO on the 14th May. On the 18th May, following negotiations between

the US and China, China announced the end of their sorghum tariff increases. However, later

in the year (14th August 2018), China joined South Korea in filing a dispute at the WTO against

US solar panel tariffs.

2.2 Steel and aluminium tariffs

On the 20th April and 27th April 2017, President Trump asked the Commerce Secretary to ini-

tiate investigations into steel and aluminium imports, with a focus on their threat to US na-

tional security (Section 232 of the Trade Expansion Act of 1962). On the 16th February 2018,

the Department of Commerce concluded that these imports do indeed threaten national se-

curity, despite the fact that the vast majority of the imports are sourced from allies such as

Canada, the European Union, Mexico, and South Korea. Forthcoming tariffs of 25 percent on

steel and 10 percent on aluminium on all trading partners were announced by the US on the

1st March. In response, on the 7th March, the EU threatened to file a WTO dispute, as well

as to introduce 25 percent tariffs on a precisely targeted $3.4 billion of imports from the US

including cranberries, Harley Davidson motorcycles, blue jeans, and bourbon.

President Trump temporarily exempted Canada and Mexico from the forthcoming tariffs

on the 8th March, whilst waiting to assess the results of the NAFTA renegotiation. This was

followed on the 22nd March by exemptions for the EU, South Korea, Brazil, and Australia

effective until the 1st May 2018. The steel and aluminium tariffs (25 percent and 10 per-

cent respectively) on the remaining non-exempt countries then went into effect on the 23rd

March, with no clear guidance for if, how, or when the tariffs would be removed. Five days

later, on the 28th March, South Korea received a permanent exemption from the steel tariffs

10



in exchange for capping its steel exports at a 21.2 percent reduction from 2017 levels.

On the 2nd April, China retaliated by imposing tariffs on US exports of products such as

aluminium waste and scrap, pork, and fruits and nuts totalling $2.4 billion in 2017 export

value (as compared to US tariffs covering $2.8 billion of Chinese exports). At the last minute,

on the 30th April, the US extended the tariff exemptions for the EU, Canada and Mexico until

the 1st June 2018 but not for South Korea’s aluminium exemption. Indefinite exemptions

were awarded to Argentina, Australia and Brazil while finalising ‘alternative means’ to address

the issue of national security. On the 1st June, tariff exemptions for the EU, Canada and

Mexico finally ended, leading to the imposition of 25 percent on steel and 10 percent on

aluminium. Argentina agreed to quotas on both metals, while Brazil agreed to quotas on

steel but faced a 10 percent tariff on aluminium. The only country not facing restrictions at

this point was Australia.

In retaliation, on the 22nd June the EU implemented tariffs on $3.2 billion of US exports

from the initial list defined on the 7th March, with steel and aluminium making up about a

third of this value. On the 1st July, Canada also retaliated with tariffs on $12.8 billion of US

exports covering steel and aluminium, as well as a range of agricultural goods and consumer

goods. The US went on to escalate the exchange on the 16th July by filing disputes at the WTO

challenging the tariffs levied by Canada, China, the EU, Mexico, and Turkey.

In order to compensate American farmers for lost export sales resulting from what the

US Department of Agriculture termed ‘unjustified retaliatory tariffs’, the US administration

announced agricultural subsidies worth up to $12 billion on the 24th July.6 In response to the

depreciation of the Turkish Lira, on the 10th August, President Trump announced an increase

from 25 percent to 50 percent on the steel tariff faced by Turkey, along with an increase from

10 percent to 20 percent for aluminium. Turkey responded on the 14th August by announcing

new tariffs on imports of cars, alcohol and tobacco from the US.

2.3 Unfair trade practices for technology, intellectual property

On 18th August 2017, the US Trade Representative (USTR) initiated an investigation into

whether any of China’s laws, policies, practices, or actions may be unreasonable or discrimi-

natory and may be harming American intellectual property rights, innovation, or technology

6https://www.usda.gov/media/press-releases, 24th July 2018, discussed further in the Data section.
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development (Section 301 of the Trade Act of 1974). The results were released on 22nd March

2018 finding evidence of unfair trade practices with respect to intellectual property, technol-

ogy transfer, and innovation. President Trump followed up by announcing a forthcoming

response including new tariffs, new rules on investment, and a WTO dispute.

The new list of products was published on the 3rd April with a threat of up to 25 percent

tariff rates on $46.2 billion of imports from China and included products such as machin-

ery, mechanical appliances, and electrical equipment. Bown and Kolb (2019) estimate that

approximately 85 percent of these imports would be intermediate inputs and capital goods

with the possibility of increasing costs for American firms. In response, one day later, China

published its own list of products for retaliatory tariffs covering $50 billion of US exports in

products such as vehicles, aircraft, vessels and soybeans. Again escalating the confrontation,

the US started to consider tariffs on an additional $100 billion of imports from China on the

5th April.

A revised list of products was released by the USTR on the 15th June, splitting the im-

plementation into two phases, the first starting on the 6th July and covering $34 billion in

imports from China (the second phase was to cover $16 billion in imports). The new list in-

cluded even more intermediate inputs and capital equipment, this time totalling 95 percent

of targeted products by 2017 import value. On the same day, China also released its revised

retaliatory list, also including a two-phase approach, and covering vehicles as well as agricul-

tural and food products. New products on the list included mineral fuels, medical equipment

and some consumption goods whilst aircraft were removed.

Three days later, in response to China’s retaliatory tariff list, President Trump directed the

USTR to identify an additional $200 billion of imports from China to potentially face a rate of

10 percent, along with threatening yet another $200 billion if China was to retaliate again.

As planned, the 6th July saw the implementation of the first phase of the tariff lists defined

on the 15th June, representing $34 billion for both Chinese and US tariffs. This was followed

four days later by the USTR releasing the list of $200 billion of imports from China to be sub-

ject to a 10 percent tariff after public hearings in August. Approximately half of the products

on this list were intermediate goods with a larger proportion of consumer goods relative to

the previous lists. On the 20th July, President Trump indicated he would be willing to go even

further and introduce tariffs on the remaining $262 billion of imports from China, therefore
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including all $504 billion of 2017 imports. On top on this, he instructed the USTR to consider

25 percent tariffs on the July 10th list of $200 billion, rather than the initial proposal of 10 per-

cent. In response, China warned of another $60 billion of US exports that could be covered

by new tariffs, ranging from 5-25 percent.

The USTR released an updated list on the 7th August for the second phase of the $50

billion list announced on the 15th June. Only 5 out of the 284 products initially identified were

removed, and the tariff rate was increased from 10 percent to 25 percent on the remaining $16

billion. China also revised its second phase list the following day, covering a similar value of

US exports, and removing crude oil and introducing a few other products. Both lists were

then implemented on the 23rd of August as planned.

The 17th September saw the finalization of the $200 billion list of imports from China

that would face a 10 percent tariff from the 24th September onwards. President Trump also

added that this rate would increase to 25 percent on the 1st January 2019. In the end, 50

percent of this list were intermediate goods and 24 percent were consumer goods. Several

products were dropped from the earlier list, including bedsheets, gloves, and smartwatches.

China responded with its own finalized list of $60 billion of US exports, with tariffs ranging

from 5-10 percent, down from the originally presented 5-25 percent. Both sets of tariffs then

went into action on the 24th September.

Finally on the 1st December 2018, the US and China agreed to halt the next increase in

tariffs that was due in January while they negotiate a solution. At the end of 2018, the US

faced retaliation on 8 percent of its total exports whilst covering approximately 12 percent of

its total imports with tariffs, largely on intermediate inputs and capital goods.

3. Data

3.1 Online job adverts

This paper uses data collected by Burning Glass Technologies (BGT), a company that scrapes

what they identify to be the quasi-universe of US online job postings on a daily basis. BGT

estimate that these postings are sourced from approximately 40,000 online job boards and

company websites. This data has now been widely used to study US labor markets (e.g. re-

cent examples include Acemoglu et al. (2022) and Bloom et al. (2021)). BGT parse and de-
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duplicate the data using a de-duplication algorithm. De-duplication of the job ad is per-

formed once at the website level, to avoid counting the same posting that recurs across mul-

tiple days, and once at the aggregate level, to eliminate the same posting advertised on mul-

tiple sites. They use the same filtering and de-duplication algorithm across years and apply

any improvements to the algorithm retroactively. Each online job posting hence appears only

at the date when it is first posted online and reflects a ’flow’ variable of one vacancy for the

firm.

Hershbein and Kahn (2018) provide a detailed analysis of the industry-occupation mix of

vacancies in BGT relative to other detailed US data sources, such as Job Openings and Labor

Turnover Survey (JOLTS), and how this mix has changed over time. They find that the BGT

postings are disproportionately concentrated in occupations and industries that typically re-

quire higher skill levels, but that the distributions are relatively stable across time and the

aggregate and industry trends in the quantity of vacancies track official sources reasonably

closely. Therefore, while online job adverts do not provide a complete picture of the entire

labor market, they can provide a useful barometer of labor market demand.

BGT classify the job adverts along a range of dimensions; this paper makes use of the

classification by county and Standard Occupational Classification (SOC) codes. The postings

cover 3,228 counties across the US, with 98.6% of total job postings being classified by county.

Over the period considered in the analysis, January 2017 to December 2018, a total of

50,818,695 postings are included in the dataset. Figure 1 displays the upward trend in the

time series of US monthly job postings over the period of the analysis. The raw postings are

aggregated up to the month-commuting zone (CZ) level as discussed in Section 3.2.

3.2 Local labor markets

The empirical approach used in this paper builds on the literature on local labor markets (e.g.

Autor et al. (2013)). Although both the BGT and regional employment data (see Section 3.3)

required for the analysis are provided at the administrative county level, county boundaries

are not generally considered adequate confines for the local economy or labor markets. In

response to this, ‘commuting zones’ were developed (originally in 1980) with the intention

of providing a spatial measure of the local labor market with boundaries that are only rarely

crossed by commuters.
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Figure 1: Total monthly online job postings, US

Notes: This figure displays both the unsmoothed raw monthly total postings (across all commuting zones), and
a trend line which is smoothed using the Hodrick-Prescott time-series filter, removing cyclical components.
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In order to convert between counties and commuting zones, we use a crosswalk provided

by the Penn State Commuting Zones/labor Markets Data Repository.7 This crosswalk uses

the commuting zone methodology devised by the Economist Research Service (ERS) at the

US Department of Agriculture, updated to 2010 zones and modified to correct for some dis-

crepancies by Fowler et al. (2016).8

3.3 Local labor market exposure

We proxy for local labor market exposure using the pre-trade war sectoral employment com-

position of commuting zones. The employment data are originally produced by the US Cen-

sus Bureau in the form of the County Business Pattern (CBP) database, and consists of em-

ployment per county and sector at the North American Industry Classification (NAICS) 6-

digit level, representing the most detailed view of the United States’ industrial structure avail-

able to the public. The CBP data are extracted from the US Census Bureau’s Business Register,

consisting of administrative tax records of all private US non-farm employer establishments,

supplemented by additional information from sources such as the Economic Censuses, An-

nual Surveys, Current Business Surveys, and Company Organization Surveys, as well as the

Bureau of Labor Statistics and the Social Security Administration.9

We then aggregate the county-level variables up to the commuting zone level using the

crosswalk discussed in Section 3.2. This leads to 625 commuting zones, with total postings

over the period ranging from 98 to 277,0274 per commuting zone, and total employment

(excluding farm employment) ranging from 279 to 6,830,871.

In order to analyse the relationship between job postings and tariff exposure at the local

labor market level, we weight national sectoral exposure measures using baseline 2015 em-

ployment shares within a local labor market for each industry.10 The regional (commuting

7https://sites.psu.edu/psucz/data/
8The term ‘labor-shed’ is used in this data repository as analogous to commuting zones. Fowler et al. (2016)

establish a set of metrics for comparing different labor market delineations and provide an overview of these
differences.

9We use the modified version of the CBP produced by Eckert et al. (2020), which aims to address the fact
that employment is suppressed for the majority of county-industry cells in order to protect confidentiality (see
http://www.fpeckert.me/cbp/). The authors use ‘a linear programming method that exploits the large set of
adding-up constraints implicit in the hierarchical arrangement of the data to impute missing employment’.

10The analysis uses pre-sample employment shares, before the election of President Trump, to minimize risk
that these shares themselves are endogenously responding to the tariffs or reflecting 2016-2018 trends in job
postings
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zone) tariff exposure measure is defined as:

tariff measurert =
∑
j

empl sharerj2015 × tariff exposurejt (1)

where empl sharerj2015 is industry j share of CZ r employment in 2015, and tariff exposurejt

is defined in the following sections. Pre-sample employment shares (2015) are used for exo-

geneity.

The CBP excludes farm employment, consisting of Crop Production (3-digit NAICS 111)

and Animal Production and Aquaculture (3-digit NAICS 112), but includes Support Activities

for Agriculture and Forestry (3-digit NAICS 115). Following Blanchard et al. (2019), we there-

fore allocate farm-related tariffs to employment in the associated support activities. Specifi-

cally, we calculate the average tariff across 3-digit NAICS sector 111 and allocate this to total

employment in 4-digit NAICS sector 1151. We then calculate the average tariff across 3-digit

NAICS sector 112 and allocate this to total employment in 4-digit NAICS sector 1152.11

3.4 Sectoral tariff exposure

The following sections describe the construction of the sectoral tariff exposure measures

used to generate local labor market exposure in equation (1): output exposure, input ex-

posure, and export exposure. The three measures focus on tariff barriers specifically and do

not take into account any changes in import quotas or voluntary export restraints, and hence

could be seen as a lower bound estimate of the exposure to new trade barriers.

3.4.1 Exposure to reduced competition through import tariffs

One channel through which imposing or increasing import tariffs could affect US businesses

is by increasing the price of imports that compete with US products, hence rendering US

firms more competitive in the domestic market. As in Blanchard et al. (2019), the sectoral

11We do not remove sectors 111 and 112 from the BGT data for two reasons. First, the measure described in
the text still accounts for the tariffs in these sectors, even if they are allocated to slightly different NAICS codes
when conducting the employment weightings. Second, the coverage and accuracy of the sector classifications
in the BGT data is much weaker than the county classification and hence it’s unclear that we would be able to
convincingly isolate and remove postings within these particular sectors. The classification issue comes from
the challenge of assigning a sector to the data scraped from a job posting (i.e. job postings will almost never
provide NAICS codes inside the associated text).
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exposure used in this paper creates an average dollar value of exposure to the tariff per worker

in that sector, based on US imports in 2016:

output tariff exposurejt =

∑
cp∈j US importspc2016 × US tariffpct

Lj2015

(2)

where US tariffpct is the percentage tariff rate applied to imports of product p (HS-10) from

country c in month t, US importspc2016 is the value of imports of product p from country c in

2016, and Lj2015 is the number of workers employed in sector j nationally in 2015. We use

pre-trade war imports and employment to avoid capturing any changes that may occur to

both of these in response to the tariffs. The tariffs are originally sourced from the United

States International Trade Commission and US Trade Representative (including mapping to

NAICS codes), and we are grateful to Amiti et al. (2019) for sharing the compiled data. The

measure, along with the two following measures, can be interpreted in units of $1,000 per

worker exposure.

Figure 2 provides a map of the output tariff exposure measure once weighted by employ-

ment composition of commuting zones as discussed in Section 3.3. The map shows a con-

centration of exposure in the East of the United States, including large sections of the Mid-

west, Northeast and South. There is relatively little, although nonzero, exposure in the Great

Plains with pockets of highly exposed commuting zones in the West.

3.4.2 Exposure to increased cost of imported inputs

Alongside potential protection of US industries, tariffs may have the additional negative

impact of increasing the cost of inputs to these or other US industries. We calculate this

exposure by taking the output measure from above and, using US input-output tables,

weighting it by the share this ‘input’ industry makes up in all of the ‘output’ industry’s

inputs.12 Specifically, the measure is calculated as follows:

input tariff exposurekt =
1

Lk2015

∑
j Sjk

∑
cp∈j US importspc2016 × US tariffpct (3)

where k is the output sector, j is the input sector (6-digit BEA level), and Sjk is the in-

12Here US Bureau of Economic Analysis (BEA) input-output tables are used, as in Amiti et al. (2019), along
with concordances between NAICS and BEA industry codes.
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Figure 2: Exposure of commuting zones: output tariffs

0.85 − 9.41 0.56 − 0.85 0.41 − 0.56 0.31 − 0.41 0.23 − 0.31 0.17 − 0.23
0.13 − 0.17 0.09 − 0.13 0.06 − 0.09 0.02 − 0.06 -0.00 − 0.02 No data

Mean = 0.43 p.p., std = 0.73

Notes: This map displays the change in the baseline employment-weighted output tariff exposure for each com-
muting zone between December 2017 and December 2018. Darker colours represent more exposed areas.

puts from sector j as a share of total inputs used by sector k sourced from input-output

tables. In other words, this variable captures the cost of tariffs on inputs per worker employed

in the output industry.

Figure 3 provides a map of the input tariff exposure measures once weighted by employ-

ment composition as discussed in Section 3.3. As for the output tariffs, the map shows a con-

centration in the East with lower exposure in the Great Plains and West, but with a different

pattern of variation within these regions.

3.4.3 Exposure to retaliatory tariffs

In response to the imposition of US tariffs, a number of countries implemented retaliatory

tariffs on US exports to their countries (see Table 1 for an overview). A sectoral exposure

measure can be constructed as for output tariffs, but using foreign tariffs and US exports

instead of imports:

export tariff exposurejt =

∑
cp∈j US exportspc2016 × Foreign tariffpct

Lj2015

(4)

where US exportspc2016 is the value of US exports of product p (HS-6) to destination country c
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Figure 3: Exposure of commuting zones: input tariffs

6.84 − 37.60 5.17 − 6.84 4.02 − 5.17 3.24 − 4.02 2.74 − 3.24 2.16 − 2.74
1.82 − 2.16 1.39 − 1.82 0.96 − 1.39 0.46 − 0.96 0.00 − 0.46 No data

Mean = 1.67 p.p., std = 2.40

Notes: This map displays the change in the baseline employment-weighted input tariff exposure for each com-
muting zone between December 2017 and December 2018. Darker colours represent more exposed areas.

in 2016, and Foreign tariffpct is the tariff levied by country c on its imports of product p from

the US in month t. The retaliatory tariffs are originally sourced from the World Bank Work

Integrated Trade Solutions (WITS), UNCTAT Trade Analysis Information (TRAINS) for 2017,

and from national sources for 2018,13 and we are grateful to Amiti et al. (2019) for sharing the

compiled data.

Figure 4 provides a map of the export tariff exposure measures once weighted by employ-

ment composition as discussed in Section 3.3. Relative to the other two exposure measures,

export tariff exposure shows a much greater concentration in the Great Plains and West, likely

reflecting the concentration of agricultural products included in the retaliatory tariffs.

3.5 Classifying job adverts by occupation and skill

The BGT job postings data provide information on the US SOC code of each of the postings

(96% coverage). Examples at the 2-digit level include ‘Business and Financial Operations’ or

‘Food Preparation and Serving Related’; the full range is presented in Table 8 in the Appendix.

13Chinese Ministry of Finance, Canadian Dept. of Finance, Russian Ministry of Economic Development, Offi-
cial Gazette of the Mexican Federation, Republic of Turkey Official Newspaper, Official Journal of the European
Union, India Ministry of Finance
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Figure 4: Exposure of commuting zones: export tariffs

2.66 − 16.20 1.53 − 2.66 1.07 − 1.53 0.81 − 1.07 0.66 − 0.81 0.51 − 0.66
0.40 − 0.51 0.31 − 0.40 0.23 − 0.31 0.12 − 0.23 -0.21 − 0.12 No data

Mean = 0.41 p.p., std = 0.78

Notes: This map displays the change in the baseline employment-weighted export tariff exposure for each com-
muting zone between December 2017 and December 2018. Darker colours represent more exposed areas.

In order to investigate the impact of the tariffs on job postings by skill level, it is necessary

to allocate postings into skill categories. Although the BGT data includes a variable for the

minimum education level required in each job advert, the coverage is relatively low: only ap-

proximately 51 percent of postings have positive assigned minimum values of education.14 In

order to include the widest possible range of postings in the skill classification, we therefore

instead use the available minimum education data to classify each SOC code by skill level.

This allows us to allocate a skill level to each job advert using its SOC code, with 96 percent

of postings including a SOC code in the dataset (rather than only the 51 percent with a non-

missing education requirement). We classify each 6-digit SOC code as ’high skilled’ if the

average number of years of education for the occupation across the whole dataset is greater

than or equal to 14 years; the equivalent of an associate’s degree in the US.

Figure 5 displays the evolution of high skilled and low skilled job postings over time. Al-

though both are increasing over time, a gap can been seen between the progression of the two

types with high skill postings increasing more slowly than low skill postings over the period.

14This is because many adverts do not explicitly state a minimum education requirement, although this does
not mean they do not have one.
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Figure 5: High and low skilled total job postings over time

Notes: This figure displays both the unsmoothed raw monthly total postings (across all commuting zones), and
a trend line which is smoothed using the Hodrick-Prescott time-series filter, removing cyclical components, for
high skill and low skill postings. Here high skill is defined by greater than or equal to an average of 14 years of
education for the associated 6-digit SOC occupation. The lines are all normalized with respect to a value of 100
in January 2016 to focus on relative changes.

3.6 Agricultural subsidies

As discussed in Section 2, significant proportions of the retaliatory tariffs were directed to-

ward US agriculture exports. In response, on the 24th July 2018 the US administration an-

nounced plans to provide subsidies to American farmers of up to $12 billion under the 2018

Market Facilitation Program (MFP). The explicit justification for these subsidies was ‘to assist

farmers in response to trade damage from unjustified retaliation’ and involved the applica-

tion of a 1933 law devised to support farmers hit by the Great Depression. Products specifi-

cally mentioned for the subsidy include soybeans, sorghum, wheat, dairy, and hogs.

Blanchard et al. (2019) calculate estimates of county-specific total subsidy values com-

bining the announced subsidy rates for key commodities with preceding years production or
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Figure 6: Map of MFP agricultural subsidies

46.17 − 116.20 30.31 − 46.17 16.92 − 30.31 9.01 − 16.92 4.74 − 9.01 2.46 − 4.74
1.01 − 2.46 0.48 − 1.01 0.12 − 0.48 0.01 − 0.12 0.00 − 0.01 No data

Mean = 14.06 p.p., std = 21.34

Notes: This map displays the total estimated agricultural subsidies, under the Market Facilitation Program of
2018, for each commuting zone in the US. Darker colours represent more exposed areas.

inventory values.15 We use their values and aggregate them up to the commuting zone level

using the crosswalk discussed in Section 3.2.16 As can be seen in Figure 6, the main recipients

of agricultural subsidies were located in the Midwest and to a degree the Great Plains, with

very little in the East and West.

Table 2 displays summary statistics for monthly job postings and all other key variables

used in the paper.

15See the Appendix in Blanchard et al. (2019) for more details on the full set of commodities included and the
data sources.

16These measures are in total dollars (units of $1,000,000) per commuting zone rather than being expressed
in per worker terms. The reason for this is that the CBP excludes farm employment and hence the resulting
measure would be agricultural subsidies per non-farm worker which does not capture the desired effect. The
average size of the agricultural sector is also controlled for, in principle, by the CZ fixed effects. Our results are
robust to rescaling (dividing) the subsidies by a factor of $1 million, as we show in the robustness checks.
In the baseline analysis, we set set the missing values for one commuting zone to zero. We show in the robust-
ness checks that doing so has a negligible impact on the results.
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Table 2: Summary statistics

Variables Mean Median Min. Max. Std Dev.

Job postings:

Monthly postings 3,388 525 0 183,154 10,227
Monthly postings low skilled 1,547 279 0 90,884 4,418
Monthly postings high skilled 1,841 241 0 93,328 5,912
Monthly postings - internships 36 2 0 3361 140
Monthly postings - part time 283 45 0 23,685 898
Monthly postings - full time 3069 476 0 160711 9227
Share of postings filled four weeks 0.35 0.29 0 1 0.23

Exposure Measures:

Output tariff exposure 0.43 0.21 0 9.41 0.73
Input tariff exposure 1.67 0.84 0 37.6 2.40
Export tariff exposure 0.41 0.24 0 16.2 0.78

Other:

Agricultural subsidies 15.6 3.17 0 143.2 24.9

Notes: This table displays summary statistics for all of the key variables used in the analysis.
The dataset includes a total of 625 commuting zones, across 24 months (Jan 2017 - Dec 2018),
totalling 15,000 observations. Summary statistics are taken across all CZ-time observations
(except agricultural subsidy summary stats, which are calculated across post-implementation
periods only). All tariff exposure measures can be interpreted in units of $1,000 per worker
average exposure, and agricultural subsidies in units of $1,000,000.
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4. Empirical strategy

4.1 Baseline specification

The baseline specification estimates the impact of tariffs, as a function of commuting zone

exposure to these tariffs through industrial employment composition, on monthly online job

postings from January 2017 to December 2018. We estimate the following model:

log(postingsrt) = β0 + β1export tariff exposurert+

β2output tariff exposurert + β3input tariff exposurert + γt + γr + ϵrt (5)

where postingsrt are the total number of online job adverts posted in month-year t and com-

muting zone r, output tariff exposurert is a measure of the exposure of CZ r to protection

through US import tariffs, input tariff exposurert is a measure of CZ exposure to US tariffs on

imported inputs, and export tariff exposurert is a measure of CZ exposure to retaliatory tariffs

on US exports.17 The specification controls for time-invariant CZ-specific factors with the

inclusion of CZ fixed effects, γr, and common time trends are controlled for with year-month

fixed effects, γt.

We are also interested in the impact of trade policy for different skill groups and occupa-

tions, and so we estimate the specification in (5) separately for each category of job postings,

with these categories defined in Section 3.

The tariff rates included in the tariff exposure measures are the rates that applied to trade

in month-year t. In an ideal experiment, the tariff changes would be unexpected and ran-

domly allocated for the measured effects to approach a causal interpretation. One concern

in out setup could be that the tariffs were not unexpected: in several cases lists of targeted

products were published by both the US and trade partners in advance of implementation.

However, the nature of the negotiations meant that firms faced large uncertainty about the

likelihood of tariffs up until the moment that these tariffs were actually implemented, as dis-

cussed in Section 2. Products were routinely both added and taken away from these tariff lists

in the gap between announcement and implementation. The implementation of the tariffs

was also delayed in several occurrences. Firms may also not have expected such a large and

17The varying measures of exposure are discussed in more detail in Section 3.

25



rapid increase in tariff barriers given how long it had been since this type of unilateral tariff

action had been adopted by a major advanced country. An additional concern could also be

that the tariffs targeted products with declining job opportunities. The existing literature on

the trade war has established that this doesn’t appear to have been the case and there is little

evidence of pre-trends in the trade performance, revenues or prices of targeted products or

industries. Nevertheless, we further investigate these possibilities later in the paper.

5. Results

5.1 Baseline results

The baseline results are presented in Table 3. The specifications in columns (1), (2) and (3) in-

clude each of the output, input and export tariff exposure measures in turn, with the remain-

ing columns displaying combinations of these measures. The estimated effect of the output

tariff measure is negative across all specifications, but becomes insignificant as soon as the

imported input tariff exposure is included. The simple correlation between these measures is

0.48, and it appears that the dominant effect is that of the imported input tariff exposure. The

negative sign, along with the lack of significance, suggests that the import tariffs did not have

a positive impact on the posting of job adverts as might have been expected if they increased

the competitiveness of US producers.

The estimated effect of imported input tariff exposure is significant and negative across

the board. This is in line with expectations, as more costly imported inputs represent a neg-

ative shock for firms, consistent with a reduction in hiring. The magnitude is fairly consis-

tent across specifications. Taking column (7) as the preferred specification, a one-standard-

deviation increase in exposure ($2,400 per worker) led to a 3.6 percent decrease in job post-

ings.

The estimated effect of export tariff exposure is also consistently negative and significant

across specifications, showing that retaliatory tariffs had a negative impact on US job post-

ings. A one-standard-deviation increase in exposure ($780 per worker) led to a reduction of

7.3 percent in job postings.

The results in Panel A are supported by a second set of results in Panel B which addition-

ally weight the regressions by commuting zone total employment. The sign and significant
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patterns in the weighted regressions are almost the same as those in the baseline specifi-

cations. The estimated magnitudes are, however, much larger. And thus a one-standard-

deviation increase in exposure to input tariffs is associated with a 19.9 percent decline in job

postings, while the corresponding figure for the retaliatory tariffs is 21.8 percent.18

Our results are robust to alternative clustering. In our baseline specification, standard

errors are clustered by commuting zone and by time. As shown in the Online Appendix Table

9, the results remain very similar when standard errors are clustered on state and time (top

panel) or just state (bottom panel).

In summary, all the results point to an overall negative effect of the trade war on online job

postings in the US during 2018. These are, however, short term effects and it remains possi-

ble that, over time, the effects could be stronger or weaker. For example, if individuals in the

US believe they will receive longer term protection from foreign competition they may begin

to establish new firms to produce products which would otherwise have been produced al-

most entirely abroad, and hence increase hiring. Similarly, if it becomes clear that the long

term tariff rates are actually lower than those implemented during the trade war then there

could be some reversal of the short term negative effects. It is also unclear to what extent the

observed effects are due to uncertainty around future costs, as opposed to the direct costs

themselves. As discussed in Section 2, there was a significant lack of clarity regarding the

likely duration, scope and intensity of the trade war throughout 2018.

5.2 Agricultural subsidies

As discussed earlier, in an effort to compensate farmers for the negative effects of retaliatory

tariffs, the US Administration offered up to $12 billion in agricultural subsidies. In Table 4, we

present the baseline results with additional controls for both the value of agricultural subsi-

dies in a CZ, as defined in Section 3.6, and the interaction of these subsidies with the export

tariff exposure. Both of these variables are interacted with a dummy taking the value 1 from

August 2018 onwards, as the subsidies were announced in July 2018.

The main results are robust to the inclusion of both the subsidies term and its interac-

tion with the export tariff exposure. The coefficient of the imported input tariff exposure

remains almost the same, while the export tariff exposure coefficient changes slightly. There

18The remainder of the paper will focus on unweighted results.
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Table 3: Baseline results

Dep. var. ln(postings+1) (1) (2) (3) (4) (5) (6) (7)

Panel A: Baseline

Output tariff exposure -0.048*** -0.020 -0.039*** -0.016
(0.014) (0.013) (0.013) (0.014)

Imported input tariff exposure -0.019*** -0.017*** -0.016** -0.015**
(0.006) (0.006) (0.006) (0.006)

Export tariff exposure -0.112*** -0.096*** -0.105*** -0.094***
(0.029) (0.032) (0.028) (0.032)

Adjusted R-squared 0.976 0.976 0.976 0.976 0.976 0.976 0.976

Panel B: Baseline, employment weighted

Output tariff exposure -0.255*** -0.058 -0.207*** -0.028
(0.048) (0.043) (0.051) (0.042)

Imported input tariff exposure -0.094*** -0.087*** -0.086*** -0.083***
(0.018) (0.019) (0.018) (0.019)

Export tariff exposure -0.422*** -0.286** -0.332** -0.279**
(0.146) (0.120) (0.134) (0.122)

Adjusted R-squared 0.986 0.987 0.986 0.987 0.987 0.987 0.987

Observations 15,000 15,000 15,000 15,000 15,000 15,000 15,000
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting zone on the
associated trade barrier exposure measures. All specifications include CZ and month-year (YM) fixed effects, and standard errors
(in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure measures should be interpreted in units of
$1,000 dollars per worker. Panel A presents weighted results, while Panel B presents employment weighted results. *** p<0.01, **
p<0.05, * p<0.1.
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is some evidence that the subsidy directly had a positive impact on job postings when in-

cluded alongside the interaction term in column (3), but this effect is weaker for commuting

zones that were more exposed to retaliatory tariffs. Actually, the coefficient on the interaction

term is negative and statistically significant. Focusing on the direct effect, a one-standard-

deviation increase in subsidies ($25.1 million), leads to a 3.5 percent increase in postings.

Taking the interaction term into account suggests a positive overall effect for export tariff

exposures under 2.41 (i.e., $2,410), which is the case in the vast majority of CZ-year-month

observations (14,747 out of 15,000). There are, however, a small number of commuting zones

for which the subsidies did not offset the tariff exposure.19

The relative weakness of the subsidy results may be due to several factors. The first is that

the effect is small and difficult to identify, especially given the few months included in the

sample after the announcement of the subsidies. The second is that the online job adverts

data may insufficiently capture farm labor, and particularly informal farm labor. Third, due

to the construction of the export tariff exposure measure using CBP data, which excludes

farm labor, the results may insufficiently capture the part of retaliatory tariff exposure which

affected farm labor. Hence, the agricultural subsidies would be less effective at pushing back

against this negative impact in this specification.

5.3 Impact on different skill groups and occupations

What types of workers are affected more by the policy shock? To shed some light on this ques-

tion Table 5 displays the baseline regressions run separately for high skilled and low skilled

job adverts. The classification here categorises 6-digit SOC codes into skill levels based on

whether the average number of years of education required is greater than or equal to 14

(discussed further in Section 3). Panel A shows the results for low skilled job adverts, while

Panel B shows the results for high skilled job adverts.

The results for low skilled occupations are statistically significant for both the imported

input and export tariff exposure. Relative to the aggregate baseline coefficients, presented for

reference in column (6), the low skilled results increase somewhat in magnitude for imported

input tariff exposure, with a less clear pattern for export tariff exposure. For high skilled oc-

19In Online Appendix Table 10, we show that our findings are robust to not replacing the missing values of
agricultural subsidies for one commuting zone with zeros (left panel). In the right panel, we show the results
with the subsidy variable re-scaled (divided) by 1,000.
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Table 4: Regression results including agricultural subsidies

Dep. var. ln(postings+1) (1) (2) (3)

Output tariff exposure -0.016 -0.020 -0.017
(0.014) (0.013) (0.013)

Imported input tariff exposure -0.015** -0.015** -0.016**
(0.006) (0.006) (0.006)

Export tariff exposure -0.094*** -0.097*** -0.086**
(0.032) (0.033) (0.032)

Total ag subsidy 0.001 0.001**
(0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001*
(0.000)

Observations 15,000 15,000 15,000
Adjusted R-squared 0.976 0.976 0.976
FE CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly
job postings in each commuting zone on the associated trade barrier exposure
measures, with the addition of controls for agricultural subsidies. All specifi-
cations include CZ and month-year (YM) fixed effects, and standard errors (in
parentheses) are two-way clustered at the CZ and month-year level. Tariff expo-
sure measures should be interpreted in units of $1,000 dollars per worker and
agricultural subsidies in units of $1,000,000. *** p<0.01, ** p<0.05, * p<0.1.
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cupations, both types of tariffs matter and have a negative and statistically significant effect.

Job adverts for high skilled occupations appear to be affected more by export tariffs than job

adverts in general.20

Next we explore the impact of tariffs on different occupations. Table 11 in the Online

Appendix displays the results. Even within exposed industries, we might expect different oc-

cupations to be differentially affected by the tariffs depending on the flexibility with which

firms can adjust hiring for different occupations and the extent to which firms adjust de-

mand for different occupations in response to cost shocks. We find strong negative effects

for job adverts for production workers (SOC 51), which are negatively affected via the ex-

port tariff channel, while postings for installation, maintenance and repairs jobs (SOC 49)

are negatively affected by both tariffs on exports and intermediate inputs. This could reflect

that these occupations are more likely to hold temporary contracts that could be adjusted

more rapidly in response to shocks. But the impact of the tariffs extends to other occupa-

tions as well. The intermediate input tariffs also negatively influenced adverts for farming,

fishing and forestry, construction and extraction jobs as well as postings for managers, engi-

neers, architects and lawyers. The negative impact of retaliatory tariffs additionally extended

to adverts for jobs in cleaning, health, education, social services and the sciences.21

For the category of managers (SOC 11), the negative results are surprising as it might have

been expected that the trade war would increase demand for managers who would need to

focus on adjusting business plans in response to the tariffs and re-configuring supply chains.

To explore this possibility further, we break down managerial occupations into subcategories,

with results displayed in Table 12 in the Online Appendix. We do not find any positive impacts

for any sub-category of managers, however. The negative impacts of input tariff exposure are

strongest for SOC 11-30 ’Operations specialties managers’ and SOC 11-90 ’Other manage-

ment occupations’.

A further hypothesis is that the trade war may have created work for other occupations

that deal specifically with trade disputes, procurement, supply chain reconfiguration or fi-

nancial analysts who research supply chain impacts. We explore this hypothesis in Table 13

20The agricultural subsidies only have a positive and significant impact for high skilled workers (see column
(5)), perhaps contrary to expectations. This could be because the online job postings data captures high skilled
agricultural jobs more effectively than the more informal lower skilled agricultural jobs that are less likely to be
published online.

21Additionally controlling for agricultural subsidies has very little effect on these results for detailed occupa-
tions.
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in the Online Appendix, studying impacts for a range of such detailed occupation categories -

supply chain managers, business operations specialists, financial specialists, lawyers, judges

and legal workers, legal support workers and procurement clerks. We do not find any evi-

dence, however, of intermediate input tariffs or retaliatory tariffs increasing hiring for these

occupations. On the contrary, the results indicate that exposure to these tariffs is associated

with fewer job postings. There is, however, some evidence of import protecting tariffs raising

postings for financial specialists and legal support workers.22

5.4 Impact on different job types

The BGT data also provides information on the type of job for each posting. These cate-

gories include postings tagged as internships and part-time roles. Over all commuting zones

during the sample period, on average 11 percent of postings were part-time roles and 0.9 per-

cent were internships. It might be expected that short-run shocks to firm costs or profitabil-

ity would first lead to adjustment at the margin to jobs with the most flexible employment

conditions. We explore this hypothesis by evaluating which types of roles were affected by

the tariffs, repeating the baseline regressions for different categories of jobs in Table 6. The

results show that part time roles were more negatively affected by intermediate input tariff

exposure than full time roles, while internships were not affected. Export tariffs affected both

part-time roles and full-time roles, with no robust impacts on internships. By contrast, it was

internships that benefited the most from the agricultural subsidies.

5.5 Duration of postings

The key measure of online job postings used in the analysis counts each posting only once

when it is first posted online. Online job postings hence provide a demand-side proxy mea-

sure of the ’flow’ variable of a firm’s vacancies and reflect an intent to hire. In addition, BGT

also collect data on the length for which each posting remains online before being taken

down. This is reflected in a variable for the number of days a posting remains online, al-

though BGT cap this variable at a maximum of 60 days, after which they no longer record

22The tables disaggregating job postings by occupation do not control for agricultural subsidies, as these sub-
sidies do not seem relevant. A robustness check introducing such controls shows that they have next to no
impact on the estimates.
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Table 5: Impact by skill group

Dep. var. ln(postings+1) (1) (2) (3) (4) (5) (6)

Panel A: Low skill Baseline

Output tariff exposure -0.056*** -0.019 -0.018 -0.017
(0.015) (0.016) (0.016) (0.013)

Imported input tariff exposure -0.023*** -0.018** -0.019** -0.016**
(0.006) (0.007) (0.007) (0.006)

Export tariff exposure -0.116*** -0.094** -0.085* -0.086**
(0.041) (0.044) (0.046) (0.032)

Total ag subsidy 0.001 0.001**
(0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001 -0.001*
(0.000) (0.000)

Adjusted R-squared 0.966 0.966 0.966 0.966 0.967 0.976

Panel B: High skill Baseline

Output tariff exposure -0.036** -0.012 -0.015 -0.017
(0.014) (0.014) (0.014) (0.013)

Imported input tariff exposure -0.013** -0.010 -0.010* -0.016**
(0.005) (0.006) (0.006) (0.006)

Export tariff exposure -0.106*** -0.094*** -0.088** -0.086**
(0.030) (0.031) (0.032) (0.032)

Total ag subsidy 0.002** 0.001**
(0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001 -0.001*
(0.000) (0.000)

Adjusted R-squared 0.975 0.975 0.975 0.975 0.975 0.976

Observations 15,000 15,000 15,000 15,000 15,000 15,000
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting zone on
the associated trade barrier exposure measures. The postings variables are broken down into high and low skill postings
using the average education level (threshold of 14 years of education) of their associated 6-digit SOC occupations. All
specifications include CZ and month-year (YM) fixed effects, and standard errors (in parentheses) are two-way clustered
at the CZ and month-year level. Tariff exposure measures should be interpreted in units of $1,000 dollars per worker and
agricultural subsidies in units of $1,000,000. Column (6) reproduces the baseline results from column (3) in Table 4. ***
p<0.01, ** p<0.05, * p<0.1.
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Table 6: Impact by job type

Dep var: ln(postings +1) (1) (2) (3) (4) (5) (6)

Panel A: Internships Baseline

Output tariff exposure -0.006 0.008 0.005 -0.017
(0.025) (0.024) (0.031) (0.013)

Imported input tariff exposure -0.008 -0.008 -0.009 -0.016**
(0.005) (0.007) (0.006) (0.006)

Export tariff exposure -0.067* -0.059* -0.058 -0.086**
(0.032) (0.032) (0.036) (0.032)

Total ag subsidy 0.003*** 0.001**
(0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001 -0.001*
(0.001) (0.000)

Adjusted R-squared 0.912 0.912 0.912 0.912 0.912 0.976

Panel B: Part time roles Baseline

Output tariff exposure -0.047** 0.001 0.004 -0.017
(0.019) (0.016) (0.016) (0.013)

Imported input tariff exposure -0.028*** -0.026*** -0.026*** -0.016**
(0.008) (0.009) (0.009) (0.006)

Export tariff exposure -0.112*** -0.087*** -0.073*** -0.086**
(0.024) (0.026) (0.026) (0.032)

Total ag subsidy 0.001 0.001**
(0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001 -0.001*
(0.000) (0.000)

Adjusted R-squared 0.958 0.958 0.959 0.959 0.959 0.976

Panel C: Full time roles Baseline

Output tariff exposure -0.048*** -0.018 -0.019 -0.017
(0.014) (0.014) (0.014) (0.013)

Imported input tariff exposure -0.018*** -0.014** -0.014** -0.016**
(0.005) (0.006) (0.006) (0.006)

Export tariff exposure -0.109*** -0.092*** -0.085** -0.086**
(0.030) (0.032) (0.033) (0.032)

Total ag subsidy 0.001** 0.001**
(0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001* -0.001*
(0.000) (0.000)

Adjusted R-squared 0.975 0.975 0.975 0.975 0.975 0.976
Observations 15,000 15,000 15,000 15,000 15,000 15,000
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting zone on the
associated trade barrier exposure measures, with the addition of controls for agricultural subsidies. The postings variables
are broken down into internships, part time roles and full time roles. All specifications include CZ and month-year (YM)
fixed effects, and standard errors (in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure
measures should be interpreted in units of $1,000 dollars per worker and agricultural subsidies in units of $1,000,000. Col-
umn (6) reproduces the baseline results from column (3) in Table 4. *** p<0.01, ** p<0.05, * p<0.1.
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whether a posting remains online. Across commuting zones during our time period, the me-

dian duration of postings remaining online is 52 days.

We can use the duration of postings as a proxy for how quickly jobs are filled, although

note that a firm taking down a posting need not mean it is necessarily filled and vice versa. If

labor supply remains unchanged, it could be expected that a decline in the number of open-

ings would also result in greater competition for each vacancy and hence positions being

filled faster. To explore this possibility, we calculate the share of postings in each commut-

ing zone that are taken down within four weeks of being posted.23 We look at postings filled

within four weeks as there is also bunching at the 30 day mark due to certain jobs platforms

taking postings down by default after 30 days.24 We additionally construct the analogous

measure for the shares of high and low-skilled postings filled within four weeks.

Table 7 displays the results. Consistent with our hypothesis, we find that commuting

zones with a higher imported input tariff and export tariff exposure also see a higher share of

postings taken down more rapidly than less exposed commuting zones, consistent with the

idea that the remaining openings are filled faster. This is true for both high and low skilled

jobs, with the magnitude of the export tariff effect being larger for low skilled postings.

5.6 Event studies

To further explore the variation in the impacts of the tariff exposure across time, we con-

duct an event study following a methodology similar to that of Flaaen and Pierce (2019). We

first calculate the long 24-month difference between tariff exposure in December 2018 and

December 2016 for each of the tariff types. We then interact this difference with quarterly in-

dicators to estimate time-varying coefficients.25 Given that in our setting there are no never-

treated commuting zones, we omit two time periods (t0 and t-1) as suggested by Borusyak et

al. (REStud, forthcoming).

Figure 7 presents the coefficients for each of the tariff measures in turn. Panel 7a, depict-

ing output tariff exposure, shows no statistically significant effects, which is in line with the

23The sample sizes in these regressions are smaller than for the baseline regressions because there are some
commuting zones with no postings (or no postings that are either high skilled or low skilled specifically) report-
ing duration, so they drop out of the sample.

24We also look at analogous measures for the shares filled in six weeks and eight weeks, finding very similar
results.

25We choose quarterly, rather than monthly frequency, to smooth fluctuations.
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Table 7: Postings duration

Dep var: Share of postings taken
down within four weeks

(1) (2) (3) (4) (5) (6) (7) (8) (9)

All postings High skill Low skill

Output tariff exposure 0.004 0.005 0.003 0.005 0.007 0.005 0.006 0.005 0.003
(0.005) (0.006) (0.005) (0.006) (0.007) (0.006) (0.008) (0.007) (0.008)

Imported input tariff exposure 0.006** 0.006** 0.006** 0.005* 0.005* 0.006* 0.006* 0.006* 0.006*
(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)

Export tariff exposure 0.036** 0.036** 0.028* 0.027* 0.029* 0.022 0.050* 0.050* 0.042*
(0.017) (0.017) (0.015) (0.014) (0.014) (0.013) (0.025) (0.025) (0.024)

Total ag subsidy -0.000 -0.001 -0.000 -0.001* 0.000 -0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Ag subsidy * Export tariff exposure 0.000* 0.000 0.000*
(0.000) (0.000) (0.000)

Adjusted R-squared 0.689 0.691 0.691 0.632 0.633 0.633 0.596 0.596 0.597
Observations 14,989 14,989 14,989 14,913 14,913 14,913 14,953 14,953 14,953
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table reports the baseline regressions replacing the dependent variable with the share of all online job postings in each com-
muting zone that were taken down within four weeks of being posted. All specifications include CZ and month-year (YM) fixed effects and
standard errors (in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure measures should be interpreted in
$1,000 per worker and agricultural subsidies in unites of $1,000,000 *** p<0.01, ** p<0.05, * p<0.1.

aggregate baseline results. Panel 7b shows negative and statistically significant effects of in-

put tariff exposure concentrated in quarters 2 and 3 of 2018. The final panel 7c, depicting

export tariff exposure, shows significant negative impacts for starting in Q2 of 2018.

The Online Appendix presents several robustness checks. The corresponding monthly

charts (Figure 9) are consistent with the patterns described above. They confirm the negative

impacts of input and retaliatory exposure, and no statistically significant effect of protective

output tariffs. Figure 10 depicts the event study with the quarterly frequency and just the

t-1 period omitted, as typically done in event studies. The results again confirm our base-

line findings. Finally, Figure 10 depicts the results of specification from Figure 7 additionally

controlling for the initial pre-sample (2015) combined agriculture and manufacturing em-

ployment shares specific to each commuting zone interacted with quarterly dummies. This

allows for a differential trajectory of job postings depending on the commuting-zone-specific

reliance on employment in sectors affected by the trade war. Although the broad conclusions

with respect to export tariff exposure remain the same, the coefficients on input tariff expo-

sure exposure do not reach conventional significance levels.
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Figure 7: Event studies.

(a) Output tariffs

(b) Input tariffs

(c) Export tariffs

Notes: Event studies are based on regressions of monthly job postings on the long difference in tariffs (Dec 2016
- Dec 2018) multiplied by quarterly dummies (excluding the first and the last quarter of 2017). Commuting zone
and year-month fixed effects are included, and standard errors are clustered along both dimensions.
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5.7 Aggregate counterfactual effects

In order to shed light on the aggregate implications of our results, we carry out a basic coun-

terfactual exercise based on the event study discussed in 5.6. For each commuting zone, we

calculate the predicted values of monthly postings under the hypothetical scenario of the

tariff rates remaining at their December 2016 level throughout the period of analysis. This

approach follows closely that from Chodorow-Reich (2014).

More specifically, we take the fitted values of the specification used in Figure 7 and then

subtract the difference in exposure between any given month and that at the start of the

period, multiplied by the relevant estimated quarterly coefficient.26 Using the exponential

function we return the fitted value and the estimated counterfactual to a count measure of

postings and then calculate the difference between the actual number of posting observed

and the counterfactural scenario for each month and each CZ.

First, focusing only on the counterfactual of zero changes to tariffs on imported inputs,

we estimate a total of 76,625 fewer postings occurred over the period considered than would

have been the case under the counterfactual. Figure 8 shows how these were spread out over

time. The changes are concentrated in the second and third quarters of 2018 for input tariffs,

reflecting the size and significance of the coefficients in the event study. A similar calculation

can be made for export tariff exposure leading to an estimated total of 62,503 fewer postings,

again concentrated in 2018 as shown in Figure 8. Here, the effects increase until the end of

2018.

Adding these two components together we see a counterfactual impact of 137,262 job

postings fewer as a result of the increases in both import and retaliatory tariffs during 2018

(also displayed in Figure 8). This represents 0.5 percent of the aggregate postings for 2018

(28,555,238) and 0.9 percent for the second half of the year, with no sign of reducing into

2019.

Online job postings measure firms’ intention to hire new employees either to replace ex-

isting employees or for firm growth. Evidence on the relationship between online postings

in the US, overall vacancies (online and offline) as measured in JOLTS and job starts as mea-

sured in the CPS by Hershbein and Kahn (2018) suggests a strong correlation. Holding all

other aspects of the labour market response constant, we would hence expect negative ef-

26We include only the coefficients that are statistically significant after February 2018.
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Figure 8: Counterfactual change in job postings - event study

Notes: Counterfactual postings calculated using the difference in predicted postings when tariff values are set
to those of December 2016, before the 2018 tariff hikes. Output tariffs not shown as the associated coefficients
are not significant. Counterfactual predicted values are based on the specification used in the event study pre-
sented in Figure 7.

fects on online job adverts to feed through to closely affect the total number of new job starts.

6. Robustness checks

6.1 Controling for time trends

To take into account differences in secular growth in job posting across various parts of the

country, we experiment by allowing for different time trends across commuting zones, across

regions, across divisions or across states. Regions and divisions are based on the census cat-

egorisation. There are four regions: South, West, Northeast, and Midwest. There are 9 divi-

sions which are in-between regions and states in size. As visible in the top panel of Online

Appendix Table 14, the baseline results are robust to the inclusion of these time trends.

The results remain very similar when we add an extra year of data, namely 2016, to the

sample. See the lower panel of the sane table.

39



6.2 Were tariff changes anticipated?

One may be concerned about tariff changes being potentially anticipated and job posting re-

acting prior to the actual introduction of tariffs. To examine this possibility we ask whether

2018 tariff exposure (i.e., exposure during the trade war) could predict trajectory of job post-

ings 12 months earlier (i.e., those in 2017). As visible from Table 15, this is not the case. The

estimated coefficients fail to reach conventional significance levels in any of the specifica-

tions.

6.3 Alternative tariff exposure measures

The particular form of the exposure measures used in this paper follows examples such as

Blanchard et al. (2019) and Autor et al. (2013), but there are a range of ways in which tariff

exposure can be calculated. We additionally consider five other formulations to check ro-

bustness, and the results are presented in Table 16 in the Appendix along with full definitions

of the measures. Column (1) repeats the main measure used in the paper, while column (2)

adjusts this measure applying the weighting to ln(1 + tariff ratepc,t) rather than directly to the

US or retaliatory tariff rates. Column (3) takes a similar approach but applies the log transfor-

mation to the measure after the trade and employment weighting is already applied. Column

(4) weights only by import shares rather than incorporating sectoral labour.

Columns (5) and (6) weight by sectoral output rather than employment. For example, the

sectoral output tariff exposure (later weighted by CZ employment shares) for the specifica-

tion in column (5) is constructed as follows:

output tariff exposure(D)
j,t =

US importsj,2016
Outputj,2016

×

∑
c,p∈j US importscp,2016 × ln(1+import tariffcpt)

US importsj,2016
(6)

where c is the county of origin, and p is the 10-digit HS product. Column (5) is similar but

additionally multiplies by the sectoral share of imports in output, where output is defined as

domestic shipments plus imports minus exports as in Amiti et al. (2019). Finally, column (6)

instead applies the log transformation after the import weighting and then multiplies again

by the import share.
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The results suggest that these different formulations of the exposure measure do not sig-

nificantly change the conclusions from the baseline. The estimated effects of both the im-

ported input and export tariff exposure are negative and highly significant in all specifica-

tions. There is some evidence of positive and significant coefficients for the output tariff

exposure, but only in one out of the six cases.27

The estimated effects of the agricultural subsidies remain positive and significant across

the board with the interactions remaining insignificant in half of the specifications. Taken

together these results provide confidence in the main conclusions of the paper that exposure

to export or imported input tariffs has negatively affected online job postings.

6.4 Shift-share robustness

The exposure variables used in the main empirical specification are constructed in the shift-

share or ‘Bartik’ style. Here the ‘shares’ are commuting zone employment shares by indus-

try, and the ’shocks’ are national industry-time varying aggregations of trade-weighted prod-

uct level tariffs (measured in units of $1,000 exposure per worker). Recent literature (e.g.

Borusyak et al. (2022), Goldsmith-Pinkham et al. (2020), Adao et al. (2019)) has pointed to the

need for additional robustness checks for exogeneity of these variables as well as the use of

appropriate standard errors. In our setup, we view the case for causal identification as stem-

ming from the plausible exogeneity of the time-varying tariff shocks, following Borusyak et

al. (2022). As discussed above, this approach builds upon several other papers in the field

(e.g., Amiti et al. (2019), Fajgelbaum et al. (2022)), that have treated the tariffs as plausibly

exogenous due to the uncertain timing of the tariff waves and exact composition of products

and countries targeted.28

The first issue raised in Borusyak et al. (2022) relates to incomplete shares, i.e., when the

employment shares corresponding to the shock being examined do not add up to one. This

is the case in our context, as the employment shares are fractions of total commuting zone

employment, while the services shock is zero by construction. Thus we follow the test con-

ducted by Borusyak et al. (2022) (Table 1 in their paper) which applies their approach in the

27It is possible that the positive results for the output tariff measure are an indication that these particular
formulations more accurately capture tariff exposure but it is not clear a priori why this would be the case.

28Amiti et al. (2019) treat tariff changes as exogenous, while Fajgelbaum et al. (2022) find only quantitatively
small anticipatory effects for importers and exporters.
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context of Autor et al. (2013) (hereby ADH). Table 17 in the Appendix reports summary statis-

tics for the tariff shocks computed with the importance weights generated by applying the

ssaggregate Stata command. Given that service sectors do not have associated tariff shocks,

we start with columns (1), (4) and (7) (one for each of our exposure variables) which includes

the “missing” service shock of zero in each period. As in ADH, we see that the shock distri-

bution is unusual as evidenced by a zero interquartile range, which reflects the large fraction

of total employment accounted for by the service industry. We also see a high concentration

of industry exposure as measured by the inverse Herfidahl index (HHI), which corresponds

to the “effective sample size of our equivalent regression”, here only 39. This value is even

lower (1.6) if we compute the HHI at the level of 4-digit NAICS codes (as opposed the 6-digits

in the main regression), which suggests that even less industry-variation is available when

shocks are allowed to be clustered by groups or serially correlated. Additionally, the mean of

our shocks is significantly different from the zero shock of the missing service industry. As

for ADH, these elements point to the need to exclude the service industry shocks from the

identifying variation, as we do in our analysis.

Columns (2), (5) and (8) report the same statistics with the service industry excluded,

which results in a more regular distribution of shocks and a relatively high inverse HHI of

2,536 in the 6-digit NAICS case and 44 in the 4-digit aggregation. The largest shock weights

are 0.14% at the 6-digit and 6.4% at the 4-digit level which suggests a good degree of vari-

ation. Columns (3), (6) and (9) summarise the within-period distribution, confirming that

there remains a sizable residual shock variation.29

In such a situation, Borusyak et al. (2022) recommend including the initial commuting

zone-specific employment share of industries considered in the analysis. However, our re-

gressions already include commuting zone fixed effects that implicitly already control for it.

Table 18 in the appendix recreates the robustness check suggested by Borusyak et al.

(2022) in their Table 4, where the coefficients are estimated using an equivalent industry-

level regression which obtains valid exposure-robust standard errors. Standard errors are

clustered at the NAICS 4-digit level in column (1) and the 6-digit level in column (2). Our

results remain robust and significant after undergoing this transformation.

29Table 2 in Borusyak et al. (2022) analyses the correlation patterns of shocks across industries through intra-
class coefficients. While their model does not converge for our specification, we explore different levels of clus-
tering by sector and find no major differences in our results. Table 3 in Borusyak et al. (2022) looks at correlations
between shocks and the controls included in ADH which are not included in our specification.
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Taken together, these checks, as well as others presented earlier, allay some of the key

potential concerns surrounding our analysis and demonstrate that these findings continue

to hold with adjustments to measurement of the key variables.

7. Conclusion

This paper uses data on the near universe of US online job postings from January 2017 to

December 2018 to analyse how the 2018 tariff hikes by both the US and its trading partners

affected US labor market opportunities. We calculate three measures of tariff exposure to

account for: (i) the protection of US industries by tariffs on their output; (ii) the increased

cost for US producers due to tariffs on their imported inputs; and (iii) foreign tariffs on US

exports in retaliation to the US import tariff increases. We employ a shift-share estimation

strategy that exploits the timing of the tariffs and the ex ante reliance of each commuting

zone’s labor force on trade in tariff-affected products.

We find that both the retaliatory export and imported input tariffs had an economically

meaningful negative impact on job postings. In contrast, the impact of output tariffs is not

statistically significant once imported input tariffs are controlled for. In terms of magnitude, a

one-standard-deviation increase in commuting zone input tariff exposure led to a 3.6 percent

decrease in online job postings, and a one-standard-deviation increase in commuting zone

export tariff exposure led to a 7.3 percent decrease in online job postings. A back-of-the-

envelope counterfactual calculation shows that these effects led to a estimated combined

loss of 137,000 job postings, split between imported input tariffs and retaliatory tariffs. The

lost postings represent a 0.5 percent decrease for the whole of 2018 and a 0.9 percent decrease

for the second half of the year.

The results indicate that both high and low skilled job postings were affected by interme-

diate input and export tariffs, with the intermediate input tariffs having a greater effect on low

skilled postings. Both types of tariffs had a negative effect on part-time as well as full-time

jobs, with intermediate input tariffs affecting part-time postings more. Finally, The results

indicate that commuting zones with a higher exposure to imported input and export tariffs

saw a lower duration of jobs being posted online.

Taken together, our results paint an overall negative picture on the implications of the
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trade war for the job opportunities for US workers. They support a growing body of research

documenting that, in a globally integrated economy, the likelihood of trade diversion, retal-

iation and indirectly raising firms’ supply chain costs, may render tariffs a blunt instrument

in terms of protecting domestic producers.
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Online Appendix (Not for publication)

Alternative tariff measure definitions

This section presents the full definitions of the alternative tariff measures discussed in Sec-

tion 6.3. For simplicity we present only the output tariff exposure measures, but the other

measures are analogous. The superscripts link these definitions to the columns in Table 16.

The first alternative measure adjusts the sectoral tariff exposure by log-transforming the

tariff rate:

output tariff exposure(A)
j,t =

∑
c,p∈j US importspc,2016 × ln(1 + US tariffpc,t)

Lj,2015
(7)

The second measure instead applies the log transformation to the baseline sectoral expo-

sure measure after weighting by trade values and national employment:

output tariff exposure(B)
r,t = ln

(
1 +

∑
c,p∈j US importspc,2016 × US tariffpc,t

Lj,2015

)
(8)

The third measure is also presented in the main text and weights by trade shares instead

of national employment as follows:

output tariff exposure(C)
j,t =

∑
c,p∈j US importscp,2016 × ln(1+import tariffcpt)

US importsj,2016
(9)

The fourth measure additionally multiplies by the the sectoral share of imports in output,

where output is defined as domestic shipments plus imports minus exports (sourced from

the US Bureau of Economic Activity (BEA) 2007 input-output table) as in Amiti et al. (2019):

output tariff exposure(D)
j,t =

US importsj,2016
Outputj,2016

×

∑
c,p∈j US importscp,2016 × ln(1+import tariffcpt)

US importsj,2016
(10)

Finally, the fifth measure applies the log transformation after the import weighting and

then multiplies again by the import share:

output tariff exposure(E)
j,t =

US importsj,2016
Outputj,2016

×

ln

(
1 +

∑
c,p∈j US importscp,2016 × import tariffcpt

US importsj,2016

)
(11)
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Additional figures
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Figure 9: Event studies - Monthly.

(a) Output tariffs

(b) Input tariffs

(c) Export tariffs

Notes: Event studies are based on regressions of monthly job postings on the long difference in tariffs (Dec 2016
- Dec 2018) multiplied by monthly dummies (excluding January and December 2017). Commuting zone and
year-month fixed effects are included, and standard errors are clustered along both dimensions.
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Figure 10: Event studies - Quarterly (t-1 as omitted period).

(a) Output tariffs

(b) Input tariffs

(c) Export tariffs

Notes: Event studies are based on regressions of monthly job postings on the long difference in tariffs (Dec 2016
- Dec 2018) multiplied by quarterly dummies (excluding the last quarter of 2017). Commuting zone and year-
month fixed effects are included, and standard errors are clustered along both dimensions.
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Figure 11: Event studies - Quarterly, employment share controls.

(a) Output tariffs

(b) Input tariffs

(c) Export tariffs

Notes: Event studies are based on regressions of monthly job postings on the long difference in tariffs (Dec
2016 - Dec 2018) multiplied by quarterly dummies (excluding the first and the last quarter of 2017). Commuting
zone and year-month fixed effects are included, and standard errors are clustered along both dimensions. Pre-
sample employment shares of agriculture and manufacturing sectors, interacted with quarterly dummies, are
also included.

53



Additional tables

Table 8: Posting occupations and skill levels

Occ. # Occupation name Postings Ave. years Frac. with
per occ. educ. ≥ degree

11 Management 7,635,603 15.5 (H) 0.84
13 Business and Financial Operations 4,590,688 15.5 (H) 0.87
15 Computer and Mathematical 6,519,437 15.7 (H) 0.94
17 Architecture and Engineering 2,095,270 15.3 (H) 0.83
19 Life, Physical, and Social Science 719,991 16.5 (H) 0.88
21 Community and Social Service 852,672 15.8 (H) 0.81
23 Legal 261,428 17.5 (H) 0.83
25 Education, Training, and Library 1,674,570 15.8 (H) 0.80
27 Arts, Design, Entertainment, Sports, and Media 1,228,772 14.4 (H) 0.61
29 Healthcare Practitioners and Technical 7,736,250 15.1 (H) 0.86
31 Healthcare Support 1,086,065 12.1 (L) 0.06
33 Protective Service 816,851 12.6 (L) 0.14
35 Food Preparation and Serving Related 1,068,079 12.4 (L) 0.11
37 Building and Grounds Cleaning and Maintenance 509,504 12.1 (L) 0.04
39 Personal Care and Service 541,215 12.7 (L) 0.19
41 Sales and Related 5,718,844 13.6 (L) 0.41
43 Office and Administrative Support 5,886,668 13.0 (L) 0.29
45 Farming, Fishing, and Forestry 26,328 13.2 (L) 0.34
47 Construction and Extraction 336,449 12.4 (L) 0.12
49 Installation, Maintenance, and Repair 1,521,031 12.3 (L) 0.12
51 Production 1,290,258 12.6 (L) 0.16
53 Transportation and Material Moving 1,359,333 12.2 (L) 0.05
55 Military Specific 63,610 12.8 (L) 0.18
- Not specified 2,320,844 14.3 0.58

Notes: Occupations labeled as high skill are indicated by ‘(H)’ and low skill occupations are indicated by ‘(L)’.
Source: US Standard Occupational Classification.

54



Table 9: Alternative clustering

Dep. var. ln(postings+1) (1) (2) (3) (4) (5) (6) (7)

Panel A: State and year-month clustering

Output tariff exposure -0.048** -0.020 -0.039** -0.016
(0.019) (0.015) (0.018) (0.016)

Imported input tariff exposure -0.019** -0.017** -0.016** -0.015*
(0.007) (0.007) (0.007) (0.008)

Export tariff exposure -0.112*** -0.096** -0.105*** -0.094**
(0.035) (0.037) (0.034) (0.036)

Adjusted R-squared 0.976 0.976 0.976 0.976 0.976 0.976 0.976
Cluster state YM state YM state YM state YM state YM state YM state YM

Panel B: State clustering

Output tariff exposure -0.048** -0.020 -0.039** -0.016
(0.019) (0.016) (0.019) (0.017)

Imported input tariff exposure -0.019*** -0.017** -0.016** -0.015**
(0.006) (0.006) (0.007) (0.007)

Export tariff exposure -0.112*** -0.096** -0.105*** -0.094**
(0.035) (0.037) (0.035) (0.037)

Adjusted R-squared 0.976 0.976 0.976 0.976 0.976 0.976 0.976
Cluster state state state state state state state

Observations 15,000 15,000 15,000 15,000 15,000 15,000 15,000
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting zone on the
associated trade barrier exposure measures, with varying levels of standard error clustering. All specifications include CZ and
month-year (YM) fixed effects. Tariff exposure measures should be interpreted in units of $1,000 dollars per worker.
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Table 10: Agricultural subsidies. Robustness checks

Dep. var. ln(postings+1) (1) (2) (3) (4) (5) (6)

With missing values No missing values, rescaled

Output tariff exposure -0.017 -0.020 -0.017 -0.016 -0.020 -0.017
(0.014) (0.014) (0.014) (0.014) (0.013) (0.013)

Imported input tariff exposure -0.015** -0.016** -0.016** -0.015** -0.015** -0.016**
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

Export tariff exposure -0.096*** -0.099*** -0.088** -0.094*** -0.097*** -0.086**
(0.032) (0.033) (0.033) (0.032) (0.033) (0.032)

Total ag subsidy 0.001 0.001* 0.910 1.391**
(0.001) (0.001) (0.617) (0.652)

Ag subsidy * Export tariff exposure -0.001* -0.578*
(0.000) (0.330)

Observations 14,976 14,976 14,976 15,000 15,000 15,000
Adjusted R-squared 0.977 0.977 0.977 0.976 0.976 0.976
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting zone on
the associated trade barrier exposure measures, with the addition of controls for agricultural subsidies. Only observations
with non-missing values of agricultural subsidies are included in columns (1)-(3), hence the small differences between
column (1) and the baseline results. All specifications include CZ and month-year (YM) fixed effects, and standard errors
(in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure measures should be interpreted
in units of $1,000 dollars per worker and agricultural subsidies in units of $1,000,000. In columns (4)-(6), the agricultural
subsidy variable has been divided by 1,000,000. *** p<0.01, ** p<0.05, * p<0.1.
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Table 11: Occupation regressions

Dep. Var. ln(postings+1) (1) (2) (3) (4)
Total SOC 51: Production SOC 53: Transportation and SOC 55: Military Specific

Material Moving

Output tariff exposure -0.016 -0.002 -0.042 0.004
(0.014) (0.018) (0.030) (0.014)

Input tariff exposure -0.015** -0.005 -0.028** -0.022***
(0.006) (0.007) (0.012) (0.006)

Export tariff exposure -0.094*** -0.067* -0.116 -0.095**
(0.032) (0.035) (0.071) (0.035)

(5) (6) (7) (8)
SOC 43: Office and SOC 45: Farming, Fishing, SOC 47: Construction and SOC 49: Installation,

Administrative Support and Forestry Extraction Maintenance, and Repair

Output tariff exposure -0.040* 0.004 0.026 -0.013
(0.021) (0.017) (0.017) (0.017)

Input tariff exposure -0.016** -0.017*** -0.026*** -0.013*
(0.007) (0.005) (0.007) (0.007)

Export tariff exposure -0.041 -0.009 -0.001 -0.094**
(0.042) (0.023) (0.042) (0.043)

(9) (10) (11) (12)
SOC 35: Food Preparation and SOC 37: Building and Grounds SOC 39: Personal Care and SOC 41: Sales and

Serving Related Cleaning and Maintenance Service Related

Output tariff exposure 0.001 0.003 0.016 -0.015
(0.024) (0.029) (0.044) (0.015)

Input tariff exposure -0.017* -0.020** -0.021** -0.012**
(0.008) (0.008) (0.008) (0.006)

Export tariff exposure -0.032 -0.112** -0.097* -0.011
(0.046) (0.048) (0.055) (0.038)

(13) (14) (15) (16)
SOC 27: Arts, Design, SOC 29: Healthcare Practitioners SOC 31: Healthcare Support SOC 33: Protective

Entertainment, Sports, and Media and Technical Service

Output tariff exposure -0.025 -0.022 0.009 0.001
(0.026) (0.017) (0.027) (0.017)

Input tariff exposure -0.015* -0.003 -0.005 0.001
(0.007) (0.006) (0.009) (0.006)

Export tariff exposure -0.052 -0.086** -0.023 -0.069*
(0.032) (0.031) (0.025) (0.034)

(17) (18) (19) (20)
SOC 19: Life, Physical, and SOC 21: Community and SOC 23: Legal SOC 25: Education,

Social Science Social Service Training, and Library

Output tariff exposure -0.026 -0.032 0.019 -0.065**
(0.031) (0.021) (0.015) (0.027)

Input tariff exposure -0.012* -0.003 -0.021*** -0.012
(0.006) (0.008) (0.005) (0.009)

Export tariff exposure -0.062** -0.085** -0.057* -0.194***
(0.030) (0.035) (0.032) (0.043)

(21) (22) (23) (24)
SOC 11: Management SOC 13: Business and SOC 15: Computer and SOC 17: Architecture

Financial Operations Mathematical and Engineering

Output tariff exposure -0.032 0.006 -0.019 -0.009
(0.021) (0.018) (0.022) (0.019)

Input tariff exposure -0.017*** -0.005 -0.014** -0.027***
(0.005) (0.005) (0.006) (0.006)

Export tariff exposure -0.035 -0.075** -0.010 -0.041
(0.036) (0.032) (0.043) (0.029)

Observations 15,000 15,000 15,000 15,000
FE CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings of each SOC code in each commuting zone on the associated trade barrier exposure
measures. All specifications include CZ and month-year (YM) fixed effects, and standard errors (in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure
measures should be interpreted in units of $1,000 dollars per worker. *** p<0.01, ** p<0.05, * p<0.1.
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Table 12: Disaggregation for managers

Dep var: Log(1+postings) (1) (2) (3) (4) (5) (6)

Managers: SOC 11

All jobs Top execu-
tives

Advertising,
Marketing,
Promo-
tions, Public
Relations,
and Sales
Managers

Operations
specialties
managers

Compensation
and benefits
managers

Other man-
agement oc-
cupations

Output tariff exposure -0.016 -0.023 -0.033 -0.030 -0.019 -0.029
(0.014) (0.027) (0.029) (0.024) (0.021) (0.019)

Imported input tariff exposure -0.015** -0.011* -0.015** -0.020*** -0.012** -0.028***
(0.006) (0.006) (0.006) (0.006) (0.005) (0.009)

Export tariff exposure -0.094*** -0.025 0.024 -0.009 0.002 -0.020
(0.032) (0.040) (0.016) (0.032) (0.025) (0.034)

Observations 15,000 15,000 15,000 15,000 15,000 15,000
Adjusted R-squared 0.976 0.922 0.937 0.931 0.892 0.922
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings of each SOC code in each commut-
ing zone on the associated trade barrier exposure measures. All specifications include CZ and month-year (YM) fixed effects,
and standard errors (in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure measures should be
interpreted in units of $1,000 dollars per worker *** p<0.01, ** p<0.05, * p<0.1.

Table 13: Further detailed occupation categories

Dep var: Log(1+postings) (1) (2) (3) (4) (5) (6) (7)

All jobs Supply
chain
managers
(113071)

Business
oper-
ations
specialists
(1310)

Financial
specialists
(1320)

Lawyers,
judges
and re-
lated
workers
(2310)

Legal sup-
port work-
ers (2320)

Procurement
clerks
(433061)

Output tariff exposure -0.016 -0.027 0.010 0.028* -0.004 0.023* -0.053**
(0.014) (0.026) (0.022) (0.016) (0.015) (0.013) (0.022)

Imported input tariff exposure -0.015** -0.016** -0.005 -0.012*** -0.016*** -0.019*** -0.018**
(0.006) (0.007) (0.006) (0.004) (0.005) (0.005) (0.007)

Export tariff exposure -0.094*** -0.056** -0.074*** -0.015 -0.071* -0.042 0.023
(0.032) (0.025) (0.026) (0.024) (0.035) (0.026) (0.031)

Observations 15,000 15,000 15,000 15,000 15,000 15,000 15,000
Adjusted R-squared 0.863 0.938 0.935 0.891 0.901 0.937 0.903
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings of each SOC code in each commuting zone on the
associated trade barrier exposure measures. All specifications include CZ and month-year (YM) fixed effects, and standard errors (in parenthe-
ses) are two-way clustered at the CZ and month-year level. Tariff exposure measures should be interpreted in units of $1,000 dollars per worker
*** p<0.01, ** p<0.05, * p<0.1.
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Table 14: Time trends

Dep. var. ln(postings+1) (1) (2) (3) (4)

Panel A: 2017-2018

Output tariff exposure 0.003 -0.019 -0.015 -0.016
(0.021) (0.016) (0.016) (0.014)

Imported input tariff exposure -0.018* -0.013** -0.013** -0.013*
(0.010) (0.006) (0.006) (0.006)

Export tariff exposure -0.007 -0.079** -0.072** -0.075**
(0.043) (0.031) (0.032) (0.036)

Total ag subsidy 0.001 0.003*** 0.003*** 0.001**
(0.001) (0.001) (0.001) (0.001)

Ag subsidy * Export tariff exposure -0.001* -0.001** -0.001** -0.001
(0.000) (0.000) (0.000) (0.000)

Observations 15,000 15,000 15,000 15,000
Adjusted R-squared 0.982 0.977 0.977 0.977

Panel B: 2016-2018

Output tariff exposure -0.000 -0.022 -0.024* -0.017
(0.021) (0.013) (0.013) (0.012)

Imported input tariff exposure -0.022*** -0.010* -0.012** -0.010*
(0.008) (0.006) (0.006) (0.006)

Export tariff exposure -0.024 -0.122*** -0.104*** -0.125***
(0.037) (0.037) (0.036) (0.039)

Total ag subsidy 0.001 0.002*** 0.002*** 0.001**
(0.001) (0.001) (0.001) (0.001)

Ag subsidy * Export tariff exposure -0.000 -0.001** -0.001** -0.001
(0.000) (0.000) (0.000) (0.000)

Observations 22,500 22,500 22,500 22,500
Adjusted R-squared 0.979 0.973 0.973 0.973

FE CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM
Time-trend Czone Region Division State

Notes: This table displays the results from the regressions of the log of monthly job postings
in each commuting zone on the associated trade barrier exposure measures, with the addition
of controls for agricultural subsidies. All specifications include CZ and month-year (YM) fixed
effects, and standard errors (in parentheses) are two-way clustered at the CZ and month-year
level. Tariff exposure measures should be interpreted in units of $1,000 dollars per worker and
agricultural subsidies in units of $1,000,000. Panel A presents results for years 2017-2018, while
Panel B presents 2016-2018. *** p<0.01, ** p<0.05, * p<0.1.
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Table 15: Placebo test

Dep. var. ln(postings+1) in 2017 (1) (2) (3) (4) (5) (6) (7)

Output tariff exposure 2018 -0.011 -0.022 -0.009 -0.021
(0.014) (0.013) (0.014) (0.013)

Imported input tariff 2018 0.005 0.007 0.006 0.007
exposure (0.006) (0.007) (0.006) (0.007)

Export tariff exposure 2018 -0.017 -0.023 -0.016 -0.021
(0.021) (0.022) (0.021) (0.022)

Observations 7,500 7,500 7,500 7,500 7,500 7,500 7,500
Adjusted R-squared 0.986 0.986 0.986 0.986 0.986 0.986 0.986
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting
zone on 12-month leads of the associated trade barrier exposure measures. The objective is a placebo test whether
job postings in 2017 reacted in anticipation of tariff changes in 2018. All specifications include CZ and month-
year (YM) fixed effects, and standard errors (in parentheses) are two-way clustered at the CZ and month-year
level. Tariff exposure measures should be interpreted in units of $1,000 dollars per worker. *** p<0.01, ** p<0.05,
* p<0.1.

Table 16: Alternative tariff measures

Dep. var. ln(postings+1) (1) (2) (3) (4) (5) (6)
Baseline Measure A Measure B Measure C Measure D Measure E

Output tariff exposure -0.017 -0.018 242.549* 8.728 48.118 44.975
(0.013) (0.015) (122.777) (8.227) (36.215) (34.891)

Imported input tariff exposure -0.016** -0.018** -465.246*** -20.241** -162.084** -151.423**
(0.006) (0.007) (117.670) (8.430) (58.467) (55.070)

Export tariff exposure -0.086** -0.089** -556.063** -22.251** -283.597*** -266.472***
(0.032) (0.038) (230.764) (8.776) (83.245) (75.949)

Total ag subsidy 0.001** 0.002** 0.003** 0.002** 0.002** 0.002**
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Ag subsidy * -0.001* -0.001* -2.308** -0.131 -1.085 -0.943
Export tariff exposure (0.000) (0.001) (0.867) (0.079) (0.759) (0.578)

Observations 15,000 15,000 15,000 15,000 15,000 15,000
Adjusted R-squared 0.976 0.976 0.977 0.977 0.977 0.977
FE CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM
Cluster CZ YM CZ YM CZ YM CZ YM CZ YM CZ YM

Notes: This table displays the results from the regressions of the log of monthly job postings in each commuting zone on the
associated trade barrier exposure measures, with the addition of controls for agricultural subsidies. The definitions of each of
the tariffs measures are presented in Section 6.3. All specifications include CZ and month-year (YM) fixed effects, and standard
errors (in parentheses) are two-way clustered at the CZ and month-year level. Tariff exposure measures should be interpreted in
units of $1,000 dollars per worker and agricultural subsidies in units of $1,000,000. *** p<0.01, ** p<0.05, * p<0.1.
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Table 17: Shock Summary Statistics

Output tariff exposure shocks Input tariff exposure shocks Export tariff exposure shocks

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Mean 428 1,973 0 1,722 7,933 0 410 1,890 0
Standard deviation 6,728 14,334 14,321 18,372 38,799 38,505 3,953 8,317 8,303
Interquartile range 0 599 645 0 4,257 4,681 0 867 680

Specification
Excluding service industries YES YES YES YES YES YES
Residualizing on period FE YES YES YES

Effective sample size (1/HHI of sn,t weights)
Across industries and peri-
ods

39 2,536 2,536 39 2,536 2,536 39 2,536 2,536

Across NAICS4 groups 1.6 44 44 1.6 44 44 1.6 44 44

Largest sn,t weight
Across industries and peri-
ods

0.033 0.0014 0.0014 0.033 0.0014 0.0014 0.033 0.0014 0.0014

Across NAICS4 groups 0.78 0.064 0.064 0.78 0.064 0.064 0.78 0.064 0.064

Observation counts
# of industry-period shocks 10,680 10,656 10,656 10,680 10,656 10,656 10,680 10,656 10,656
# of industries 445 444 444 445 444 444 445 444 444
# of NAICS4 groups 113 112 112 113 112 112 113 112 112

Notes: This table summarizes the distribution of tariff shocks across industries n and periods t. All statistics are weighted by the average industry exposure shares sn,t as
calculated in Borusyak et al. (2022). Columns (1), (4), and (7) include the nonmanufacturing industry aggregates in each period with a shock of 0, while columns (2), (3),
(5), (6), (8) (9) restrict the sample to agricultural and manufacturing industries. Columns (3), (6), (9) residualize manufacturing shocks on period indicators. We report
the effective sample size (the inverse renormalized Herfindahl index of the sn,t weights) with and without the non-manufacturing industry, at the industry-by-period
level and at the level of NAICS4 groups (aggregated across periods), along with the largest sn,t. *** p<0.01, ** p<0.05, * p<0.1.

Table 18: Baseline regression incorporating exposure-robust standard errors

Dep. Var. ln(postings+1) (1) (2)

Output tariff exposure -0.016 -0.016
(0.011) (0.010)

Intput tariff exposure -0.015*** -0.015***
(0.005) (0.004)

Export tariff exposure -0.094*** -0.094***
(0.034) (0.033)

Constant -0.000 -0.000
(0.000) (0.000)

Observations 10,656 10,656
Adjusted R-squared 0.026 0.026
FE CZ YM CZ YM
Cluster CZ YM CZ YM

Notes: This table reports our baseline regression with
Exposure-robust standard errors (reported in paren-
theses) obtained from equivalent industry-level IV re-
gressions, as described in Borusyak et al. (2022), al-
lowing for clustering of shocks at the level of four-digit
NAICS codes (column (1)) and six-digit NAICS codes
(column (2)). *** p<0.01, ** p<0.05, * p<0.1.
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