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Abstract

This paper investigates how robot adoption interacts with trade slowdowns to impact local labor markets in

China. We highlight the role of industrial robots in mitigating the adverse impact of export slowdown on

the local labor market. Employing a Bartik-style instrumental variable approach, we construct a prefecture-

level measure of robot adoption and find that an interquartile increase in robot installations leads to a relative

increase in the employment of around 0.16 percentage points, holding the Chinese export shock constant

at its mean value of 61.42 dollars per worker. Our evidence suggests that firms’ adoption of robots helps

offset employment losses from trade slowdown by increasing domestic sales. Moreover, this adjustment is

accompanied by an increase in local consumption, and coincides with shifts in employment structure that

disproportionately benefit highly educated workers, as they are less vulnerable to automation.
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1 Introduction

Since the Great Recession, world trade has fallen from 61% of global GDP in 2008 to 58% in

2019 due to a set of political and economic factors, including weakened global value chains,

trade war, and COVID-19 (Goldberg and Reed, 2023).1 This deceleration of globalization, also

termed “Slowbalization”, has generated economic uncertainty and posed new challenges to labor

markets (Waugh, 2019; Fajgelbaum et al., 2020; Fajgelbaum and Khandelwal, 2022). Empirical

studies suggest that trade tension, such as the U.S.-China trade war, has reduced employment and

job postings (Flaaen and Pierce, 2024; Javorcik et al., 2022; Autor et al., 2024). This raises a

critical question for policymakers: how to design policies to mitigate the adverse impact of trade

slowdown on the labor market?

A concurrent trend over the past decades has been the rise of robotization. In this paper,

we argue that the adoption of robots may either mitigate or exacerbate the negative effects of the

export slowdown, as both trade shocks and automation primarily affect the same group of work-

ers—specifically, unskilled workers who engage in routine tasks. So far, there is no clear evidence

as to how robotization would impact a local labor market simultaneously experiencing trade slow-

downs. On one hand, firms adopting more robots could maintain their competitiveness by improv-

ing product quality and expanding production, which may offset the employment and wage losses

resulting from the trade slowdown (productivity effect) (DeStefano and Timmis, 2024). On the

other hand, to reduce production costs, firms might increase their usage of robots as labor-saving

technologies, which could cause more job disruptions in trade-exposed industries (displacement

effect).

This paper provides the first empirical evidence examining whether robot adoption mitigates

or exacerbates the effects of trade shocks on labor market outcomes. More specifically, we inves-

tigate whether greater robot adoption in the local labor market reduces the negative employment

and wage impacts of trade slowdowns compared to local labor markets with lower levels of robot

adoption.

Our context is the Chinese labor market over 2010–2016, when the country experienced a

1See more via https://www.economist.com/briefing/2019/01/24/globalisation-has-faltered.
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significant export slowdown driven by both external and internal factors (Brandt et al., 2020).2 Al-

though China’s manufacturing export growth, on average, exceeded an annual rate of 25% before

2010, it fell from 30% in 2010 to -7% in 2016.3 Meanwhile, robot installation in China increased

more than sixfold during this period, despite growing anxiety about the use of robots from ad-

vanced countries.4 Given the potential critical roles of exports and robotization in the job growth,

and the dramatic changes in both factors in China over the past years, it is important to understand

how robot adoption affects local labor market responses to export slowdowns in the manufacturing

sector.

To identify the interactive effects of export slowdown and robotization, we exploit two

prefecture-level variations: year-on-year export shock and initial robot installation.5 The underly-

ing rationale of interacting the two variables is that prefectures’ exposure to export shocks varies

with the initial robot installation. If the productivity effect dominates the job displacement ef-

fect by robots, prefectures with more robots may have fewer job losses from export slowdown as

automation-driven efficiency gains could partially offset the negative labor market impacts (Koch

et al., 2021). Our export shock is measured by the change in manufacturing exports per worker at

the prefecture level. Unlike most studies that rely on industry-level robot adoption and local em-

ployment composition to approximate local robot installation, our analysis utilizes prefecture-level

robot import data, enabling more accurate measurement of actual robot installation (Acemoglu and

Restrepo, 2020; Fan et al., 2021). To avoid the correlation between robot adoption and other con-

temporaneous shocks, we focus on the initial period of robot installation.

Our empirical strategy poses two major identification challenges. First, the export shock

variable may be correlated with unobserved shocks that are simultaneously impacting China’s la-

bor market. For instance, China’s export slowdown after 2010 might be driven by internal factors,

including China’s rising industrial capacity and its domestic demand expansion strategy. To ad-

dress this issue, we follow Campante et al. (2023) to construct a Bartik instrumental variable (IV)

2Brandt et al. (2020) document that China’s export slowdown after 2007 is explained by weakened foreign demand
and the country’s lack of access to improvements in imported inputs.

3This figure is from authors’ calculation. Furthermore, the annual growth rate of exports in manufacturing has
declined from 31% in 2010 to -8% in 2016. Source: China’s General Administration of Customs export data.

4Robot installation in China increased from 14,978 units in 2010 to 96,500 units in 2016 according to the IFR
statistics.

5Prefectures, by which we define our local labor market, are second-level administrative divisions that encompass
all areas in China.
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that combines the initial export share of each prefecture with export changes from other coun-

tries, excluding China. The second challenge is that prefectures adopting more robots might be

affected by other confounding factors correlated with local demand. To overcome this challenge,

we use industrial robot installation in the rest of the world, excluding China, along with the initial

prefecture-by-industry specific share of robot installations to instrument for the endogenous robot

exposure variable. It is assumed that industry-level robot installations in other countries are not

correlated with unobserved shocks that impact robot-intensive regions; additionally, prefectures

with more robots in certain industries are not systematically different from the other prefectures

with respect to unobserved shocks.

Applying this empirical strategy, our first set of results shows that robotization mitigates

the negative employment effects of China’s export slowdown. An interquartile increase in initial

robot installations leads to a relative increase in employment by around 0.16 percentage points

when holding China’s export shock at its mean value of 61.42 dollars (per worker). This result

withstands a comprehensive set of tests on identification concerns as well as robustness checks.

Our wage estimate is statistically insignificant but indicates fewer wage declines in prefectures with

more robots. However, when extending the analysis to additional years, we find a significant effect

on wages—an interquartile increase in robot installations leads to a relative increase in wages by

approximately 0.311 log points, given the same level of export shock. One possible interpretation

is that wages are rigid in the short run, and firms may gradually adjust their labor inputs over time.

We then provide insights into potential mechanisms through which robotization mitigates

the effects of export slowdown on local labor markets. We first consider whether our results can

be attributed to an increase in local labor demand growth driven by the adoption of robots. Using

comprehensive corporate-level tax survey data, we estimate the interactive effects of robotization

and export shocks on sales and costs at the firm level.6 Our results show a statistically significant

increase in sales in more robot-intensive prefectures but no change in overall business costs relative

to those in less robot-intensive prefectures, while holding constant the export shock. This finding

aligns with prior studies that demonstrate how automation positively impacts firms by increasing

productivity and sales (Aghion et al., 2020; Stapleton and Webb, 2020a; Chung and Lee, 2023;

6The National Tax Survey Database (NTSD) records detailed firm-level information, such as total production,
administrative expenses, sales, and number of employees.
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Babina et al., 2024; Bonfiglioli et al., 2024).

Importantly, we find that the increase in total sales by robotization in response to the export

slowdown is primarily driven by a rise in domestic rather than export sales. This suggests that

the adverse export condition induces a shift in firms’ sales from overseas to the domestic mar-

ket. Finally, we discuss several alternative explanations, including migration, firm’s diversification

strategy, robot subsidies, and find little supporting evidence from these alternatives to explain our

main result.

In additional discussions, we find a larger local household consumption increase in areas

with more robots, despite the overall negative effect of China’s export slowdown on consumption.

This may suggest an overall improvement of household welfare. However, we refrain from mak-

ing strong claims under our reduced-form framework. Moreover, we find that robotization under

export slowdown leads to increased hiring of managerial workers, particularly significant for those

with college and above education. This shift of firms’ hiring strategy suggests that industrial robots

are a skill-biased technology that disproportionately benefits more educated workers because they

perform tasks that are difficult to automate (Acemoglu and Restrepo, 2022a,b; Barth et al., 2020;

Graetz and Michaels, 2018). Moreover, the heterogeneity analysis suggests that the main effect

is statistically significant in both the manufacturing and nonmanufacturing sectors. Although the

export shock directly pertains to manufacturing sectors, this result is not surprising as it may imply

a positive spillover effect of robotization outside the manufacturing sector. In particular, the robot-

driven expansion of manufacturing production may have raised local demand for services through

sectoral linkages.

The remainder of the paper is organized as follows. Section 2 describes literature and back-

ground of our study. Section 3 illustrates the conceptual framework. Section 4 introduces our

empirical strategy and relevant data. Section 5 reports our main findings. Section 6 discusses our

mechanism. Section 7 concludes the paper.
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2 Literature and Background

2.1 Literature Review

This paper relates to various streams of literature in trade and technology. First and foremost,

we contribute to an expansive literature on deglobalization and its economic consequences. Most

studies use the U.S.-China trade war to quantify its economic impacts and find that retaliation

tariffs generate negative employment impacts in the U.S. (Autor et al., 2024; Benguria and Saffie,

2024; Flaaen and Pierce, 2024; Perla et al., 2021). More pertinently to our paper, Campante et al.

(2023) analyze the political consequences of China’s export slowdown and find that contraction

in exports leads to substantial rises in labor strikes. Ma et al. (2025) further study the impacts

of Chinese export slowdown on crime rates, demonstrating that cities with greater exposure to

export slowdown experience sharper increases in local crime rates. We show that robotization

could mitigate the negative effects of export slowdown, which is important for understanding how

interactions between trade slowdown and automation impact the local labor market.

More broadly, we connect to an extensive literature on trade shocks and the impacts on the

labor market (Topalova, 2010; Autor et al., 2013; Acemoglu et al., 2016; Hakobyan and McLaren,

2016; Dix-Carneiro and Kovak, 2015; Fan and Li, 2025). Prior studies have suggested that trade

shocks generate localized impacts that could persist for more than a decade. Our paper consid-

ers the interdependence between trade slowdown and robot shocks in the local labor market by

demonstrating that robotization may help distribute the impacts of trade shocks across local labor

markets. This finding yields valuable insights for policymakers designing robot policies aimed at

areas most impacted by trade slowdowns.

Second, our work adds to a growing body of evidence on how robots affect the labor out-

comes in developing countries. Evidence from developed countries presents mixed evidence on

whether robotization positively or negatively impacts employment and wages (Dachs et al., 2019;

Dauth et al., 2018; Graetz and Michaels, 2018; Pedemonte et al., 2019; Artuc et al., 2019; Hum-

lum, 2019; Maloney and Molina, 2019; Bessen et al., 2025; Acemoglu and Restrepo, 2020; Faber,

2020; Eggleston et al., 2021; Koch et al., 2021; Krenz et al., 2021; Adachi et al., 2024; Acemoglu

et al., 2023; Chung and Lee, 2023; Javed, 2023; Kugler et al., 2020; Albinowski and Lewandowski,
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2024; Bonfiglioli et al., 2024).7 There is limited evidence from developing countries because of

difficulties in obtaining detailed robot data as well as the lower prevalence of automation in the

developing world (Carbonero et al., 2020; Giuntella et al., 2025). Prior studies have used the In-

ternational Federation of Robotics data to measure robot installation at the industry level. The

availability of Chinese robot imports data at the firm level enables us to more precisely measure

robot installation at the micro-region level. Tang et al. (2021) find a positive effect of Chinese

robot adoption on more skilled workers, thus corroborating our own results.8 Previous work by

Dixon et al. (2021) suggests that, in Canada, robots lower the demand for managers by reducing

the product variance process. By contrast, we find an increase in the labor demand for managers

with college-and-above education, indicating a possible shift toward more skill-based occupations

in the Chinese labor market.

Third, the current growing literature has a focus on the bilateral relation between trade and

technology, either discussing how technology induces trade growth by lowering trade barriers,

enhancing product quality, and reducing production costs, or claiming trade encourages firms to

invest in technology.9 However, there is less empirical evidence on how technology and trade

shocks simultaneously impact labor markets. Autor et al. (2015) study the distinct effects of tech-

nology and trade shocks by including these two variables as explanatory variables; their findings

indicate that trade and technology shocks generate distinct impacts on U.S. local labor markets,

which highlights the importance of distinguishing technology from trade shocks. Another study by

Faber et al. (2022) finds that compared to trade shocks, robot shocks result in more population de-

clines. The most relevant work to ours is by Firooz et al. (2025), who study the interaction between

7For example, some studies have shown that automation in the developed world increases reshoring but decreases
employment and wages in developing countries by replacing workers (Dachs et al., 2019; Pedemonte et al., 2019;
Artuc et al., 2019; Maloney and Molina, 2019; Faber, 2020; Krenz et al., 2021; Kugler et al., 2020). By contrast, a
recent study by Stapleton and Webb (2020b) demonstrates that automation might lead to more offshoring by raising
labor demand for non-automatable tasks.

8Consistently, we show that robots benefit college-above-educated managers more during export slowdown.
9On one hand, technology may induce trade growth by lowering trade barriers, enhancing product quality, and

reducing production costs. See e.g., Artuc et al. (2023), Freund and Weinhold (2004), Fernandes et al. (2019), Kneller
and Timmis (2016) Bloom et al. (2016), DeStefano and Timmis (2024). Fernandes et al. (2019) find that internet access
in China increased firm manufacturing exports by reducing trade barriers. Similarly, Kneller and Timmis (2016) find
that the broadband use in UK increases trade in business service sector. DeStefano and Timmis (2024) use robot data
from 26 developed and 27 developing economies, finding that robotization leads to export quality upgrading. On the
other hand, trade encourages firms to invest in technology by increasing overall returns and lowering production costs
(Ekholm and Midelfart, 2005; Yeaple, 2005; Lileeva and Trefler, 2010; Bustos, 2011; Bøler et al., 2015; Autor et al.,
2020b,a; Perla et al., 2021).
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trade uncertainty and automation using a macro model. Their model predicts that trade uncertainty

accelerates reshoring, but this process does not increase employment for unskilled workers because

of the job-displacing effect of automation. Similar to our study, they also find that robots raise de-

mand for skilled workers because robots complement skilled workers. We complement their work

by connecting robotization to trade slowdown and highlighting the productivity effect over the job

displacement effect of robots, where domestic demand plays a vital role. Our finding is important

for designing effective policies on robot regulation in an integrated world (Aghion et al., 2020).10

2.2 China’s export growth

China’s transformation from centrally planned to market-oriented economy has contributed to the

country’s remarkable economic growth over the past decades. According to the IMF statistics,

China has achieved an average annual growth rate of 9% since the late 1970s. The rapid growth in

China’s exports in manufacturing has been the most important factor contributing to its economic

success. Between 1991 and 2010, China’s share of world exports in manufacturing grew from

2.3% to 16% (Lemoine and Unal, 2012). One prominent feature of China’s export sector is its great

comparative advantage in producing industrial goods. Unlike other major emerging economies that

are primarily specialized in only one or two commodities, such as Brazil, Indonesia, and Russia,

China’s product mix is more diversified (Acemoglu et al., 2016; Autor et al., 2016). Because of

this wide distribution of comparative advantage across industries, China’s export growth increased

substantially in almost every manufacturing industry.

However, China’s rapid growth in exports was halted after the 2008 Great Recession. Due

to the global crisis, foreign countries’ demand decreased substantially, leading to a slowdown

in global trade (Baldwin, 2009; Jing, 2012). Given China’s important role in global trade and

dominance in global supply chains, the crisis impeded the country’s export growth, contributing to

a remarkable decline in exports between 2010 and 2016.11 According to China’s National Bureau

of Statistics, exports as a share of China’s national GDP fell from 26.0% in 2010 to 18.5% in

10There may be a heterogeneous effect of automation on the employment change in response to trade shocks.
Aghion et al. (2020) show that the positive relationship between automation and employment is primarily through
firms with more exposure to international competition.

11See details via https://voxdev.org/topic/trade/socioeconomic-effects-export-slowdowns-evidence-china.
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2016.12 Thus, our main sample of analysis focuses on the period from 2010 to 2016. Moreover,

the export decline varied significantly across manufacturing sectors, with the processing trade

sector being hit the hardest due to its greater integration into foreign production. Our identification

strategy hinges upon the variation in export decline across manufacturing industries. To construct

each prefecture’s exposure to export slowdown, we further weight the industry-level export change

with prefecture-level export specialization at the initial period.

2.3 Robot adoption

Industrial robots are machines designed to autonomously perform manual tasks without human

intervention. Advancement in robot technology in the past decades has prompted a significant

global proliferation of robots. Driven by the rapid growth of its high-tech sectors and government

policies promoting modernization, China has emerged as one of the largest markets for industrial

robots.13 Although the adoption of robots in China was negligible before 2000, China became the

world’s largest market for industrial robots in 2013, with the number of installed robots growing

by around 66% annually between 2001 and 2010. Since China relied primarily on imported robots

to meet the growing demand for automation in its manufacturing sector, we use China’s custom

data of robot imports to measure robot installation.

Unlike China’s broadly diversified trade across industries, the installation of robots is con-

centrated in high-tech sectors such as electronics, automotive, metal, and machinery industries.

These robots are extensively used for performing tasks such as handling operations, electronics,

welding and automotive production.14 Due to the initial difference in industry specialization, the

geographic variation in robot-installation intensity is prominent. For example, about 20% of firms

in Huizhou, a prefecture in Guangdong, have adopted robots. By contrast, no firms in Hubei’s

Qianjiang prefecture use robots.

12The Data source is National Bureau of Statistics of China.
13Authors’ calculation using IFR data.
14See more via https://www.macquarie.com/au/en/insights/why-china-is-focused-on-a-robotic-future.html
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3 Conceptual Framework

In this section, we describe a simple conceptual framework that clarifies how robot adoption may

alter the elasticity of local employment to export shocks. We focus on the underlying economic

intuition and its empirical implications. The formal model and its proof are provided in Appendix

B. Overall, we consider a local economy composed of a set of tradable industries that sell to

both foreign and domestic markets, and a set of non-tradable industries that serve only domestic

demand.15 Our framework focuses on relative outcomes across regions rather than aggregate em-

ployment effects, as regions compete for market share in the domestic market. Local employment

is determined by the total labor demand across all industries. Initially, regions differ in their levels

of robot adoption. Given high installation costs and adjustment frictions, robot capital is prede-

termined and does not adjust in the short run.16 Production in the tradable sector is determined

by both labor and robot capital. Since robots could lower the marginal cost of production, espe-

cially in industries where tasks are more easily automated, we show that regions with greater robot

adoption are more cost competitive.

An important assumption in our context is that domestic demand is more responsive to price

differences across regions than export demand. Intuitively, within the domestic market, buyers can

more easily switch across suppliers from different regions, while in foreign markets, substitution

across countries is more limited (Bergstrand, 1989).17 Under this assumption, regions with more

robots initially have a price advantage that attracts a disproportionately larger increase in domestic

sales than in export sales, because domestic buyers are more responsive to price differences across

suppliers.

Export slowdown deteriorates the foreign demand faced by tradable industries, which there-

fore reduces export sales and puts downward pressure on local labor demand (Campante et al.,

2023). Robot adoption affects how regions respond to export slowdowns through two opposing

15On the demand side, tradable industries sell to two segmented markets. The first is the export market, where
demand is affected by global conditions. The second is the domestic market, where firms compete with producers
from other regions. Non-tradable industries, by contrast, depend only on local demand.

16It reflects past investment decisions and can be viewed as a form of installed productive capacity.
17Bergstrand (1989) derives a gravity equation from a general equilibrium model with a nested CES structure,

in which the elasticity of substitution among importables (σ) is allowed to differ from the elasticity of substitution
between domestic and imported goods (µ). His empirical results show that σ > 1 > µ, i.e., consumers substitute more
easily across foreign suppliers than between domestic and foreign products. See also Hickman and Lau (1973) and
Geraci and Prewo (1982).
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channels. On the one hand, robots may substitute for workers in routine tasks, directly reducing

labor demand. This displacement effect implies that regions with greater robot exposure could

experience more employment losses. On the other hand, robots lower marginal costs, making

robot-intensive regions more competitive relative to other regions. When export demand declines,

given that domestic buyers can easily substitute across suppliers from different regions, the cost

advantage in robot-intensive regions translates into a larger domestic market share at the expense

of other regions that are less competitive. By contrast, in export markets, foreign buyers are less

responsive to price differences across countries, so the same cost reduction generates a smaller

gain in export market share. As a result, regions with higher robot adoption reallocate a larger

portion of their sales toward the domestic market, which mitigates the decline in labor demand by

trade shocks.

Our analysis does not aim to identify the contemporaneous displacement effects of robot

adoption. Instead, we treat robot adoption as predetermined and largely sunk prior to trade shocks.

In this sense, the displacement effect of robots has already occurred in the past. Our focus is

therefore on how this pre-existing robot adoption would alter the sensitivity of local labor markets

to export shocks.

Propositions. The conceptual framework delivers two empirical implications. When export

slows down, it weakens external demand and reduces foreign sales in tradable sectors, leading to

lower production and labor demand. Through local income and consumption channels, it also neg-

atively affects employment in non-tradable sectors (Campante et al., 2023). Our paper empirically

examines whether robots mitigate or amplify this negative impact on the local labor market, given

the ambiguous theoretical predictions regarding robots’ effects on employment.

First, we emphasize the mechanism operates through the domestic market reallocation (see

more in Appendix B). When external demand subsequently weakens, robot-intensive regions have

a larger share of their output sold domestically and are thus less affected by trade slowdown.

As a result, there are fewer employment declines in robot-intensive regions than other regions.

Second, this buffering effect extends beyond tradable industries. If robot-intensive regions experi-

ence smaller declines in tradable-sector employment, then local income and consumption are less

impacted by the export slowdown than in less robot-intensive regions. This, in turn, mitigates
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employment losses in non-tradable sectors as well.

Taken together, our conceptual framework delivers a clear set of empirical predictions: while

export slowdown reduces the overall employment, this negative effect is attenuated in regions with

higher predetermined robot exposure. Our empirical analysis first tests this hypothesis using over-

all local employment as the main outcome. We then examine whether firms in robot-intensive

regions react to the export shock by reallocating from the export market toward the domestic mar-

ket, and finally explore whether this buffering effect appears in both tradable and non-tradable

sectors.

4 Data and Empirical Strategy

4.1 Data Sources

Our analysis relies on a comprehensive empirical setting and several data sources, which we in-

troduce in this section. We draw on data including overall exports, the import of industrial robots,

local employment, and a variety of other economic indicators. These datasets enable us to examine

the intricate relationship between export performance, robot adoption, and employment outcomes.

China’s prefectures serve as the primary unit of analysis in this paper, being administrative divi-

sions larger than counties but smaller than provinces. Overall, our sample covers 296 prefectures

between 2010 and 2016 based on our data availability. We select these years because they mark a

documented decline in export activity, which may trigger notable changes in employment patterns

(Campante et al., 2023).

Overall Exports and Initial Robot Installation: Our analysis emphasizes manufacturing

export performance and robot imports, which we use as primary indicators of local economic

shocks. To construct these variables, we utilize trade data from China’s General Administration of

Customs. This dataset comprehensively covers all exporting and importing firms in China, offering

detailed information on each firm’s location as well as a breakdown of trade volumes by product at

the six-digit level of the Harmonized System (HS). Following Campante et al. (2023), we develop
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a measure of export shock at the prefecture level as below:

ExpShockit =
∑

k

∑
f∈i

∆X f ikt

Li,2010
(1)

where ∆X f iktis the annual change in total manufacturing exports of product k for exporting firm f

that locates in prefecture i in the year t. k represents the HS six-digit product codes, and our analysis

includes all products k classified under the manufacturing sector. The working-age population,

denoted as Li,2010, refers to individuals aged between 15 and 64 in prefecture i in the year 2010.

We weight the total manufacturing exports of a prefecture with its working-age population so that

this variable measures per-worker exposure to the export shock. This demographic data, sourced

from the China Population Census, encompasses residents both with and without formal residency

rights (hukou). Our study utilizes a panel dataset spanning the years between 2010 and 2016.

To measure prefecture-level robot stocks, we extract each firm’s imports of industrial robots,

Robots f it, from the customs records between 2000 and 2010. We then aggregate this data to the

prefecture level, utilizing firms’ location details. This approach yields the following measure:

RobotStocki,2010 =
∑
f∈i

Robots f it(2000−2010)

Li,2010
(2)

In the above equation, we do not include the dimension of k (HS code-level information) because

we focus on imports of industrial robots.18 All other notations remain consistent with Equation (1).

To avoid correlation between robot adoption and other contemporaneous shocks during our sample

period, we use the predetermined level of robot. It is important to note that the robot imports

data represents the annual installation of robots, thereby we aggregate the total number of robots

imported up until 2010.19 Using this early, predetermined measure has two advantages. First, it

reduces concerns about reverse causality and simultaneity, as the measure is fixed prior to the main

18The robot adoption data is extracted based on product import codes (HS), with robots defined as goods be-
ginning with the prefix “84.” Specifically, the relevant categories include spray robots (84248920), handling robots
(84289040), multifunctional robots (84795010), and automated handling robots for integrated circuit (IC) factories
(84864031). Notably, robots with import codes beginning with “85,” including resistance welding robots (85152120),
arc welding robots (85153120), laser welding robots (85158010), and other robots (84795090), began to appear in the
custom data only from 2014 onward.

19The import data is available starting from the year 2000, offering a comprehensive accumulation of robot adoption
over time.
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period of analysis. Second, it helps alleviate endogeneity concerns arising from domestic robot

production capacity. In particular, China’s domestic robot production was relatively limited before

2013, so robot imports during this period serve as a reasonable proxy for actual robot installations

across cities.

Employment Data: In the main analysis, we obtain employment data from the Chinese City

Statistical Yearbooks, covering the period from 2010 to 2016. These yearbooks provide detailed

records, including the total population and the number of employed individuals in each prefec-

ture.20 Using this information, we calculate the change in the employment share for prefecture i in

year t, denoted as ∆EmployShareit.

Another set of employment data, used as complementary evidence for the robustness check,

is sourced from the Population Census conducted by the National Bureau of Statistics of China,

which collects detailed demographic, economic, and social data at the individual level. It is a 1%

national population sample survey conducted every five years between the decennial censuses. Us-

ing the 2010 and 2015 waves of surveys, we derive a variable similar to ∆EmployShareit, which

accounts for the change in employed workers as a percentage of all working-age population be-

tween 2010 and 2015.

Other Local Economic Data: We collect a set of socioeconomic variables at the prefecture

level, which we use as controls or additional local economic outcomes for analysis. These datasets

are sourced from official Chinese publications. Population data and the distribution of residents

by migration status (hukou vs. non-hukou) are gathered from the 2010 Population Census. Other

economic indicators, such as the share of the population with a college education and the share of

urban households, are derived from the China City Statistical Yearbooks.

Firm-level Data: Additionally, we use auxiliary data from the National Tax Survey Database

(NTSD), which includes comprehensive records such as annual tax returns, enterprise financial

reports, income tax submissions, business accounts, and other relevant information audited by tax

authorities. Local fiscal and tax authorities collect these data via direct online reporting, ensuring

high-quality data through management and supervision by fiscal and taxation authorities. The

NTSD applies a stratified random sampling method each year to select a large number of firms

20To the best of our knowledge, this is the best public available data that provides updates at the prefecture level
on an annual basis.
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for survey data, covering their basic details, financial metrics, tax payments, and more. For our

analysis, we extract firm-level variables from the NTSD, including sales, revenue and costs, which

serve as additional dependent variables in our mechanism analysis.

Household-level Consumption Data: We also incorporate household-level consumption

data from the Urban Household Survey (UHS). Organized by China’s National Bureau of Statis-

tics, this survey employs a multi-stage probabilistic sampling method with a stratified design. Data

collection occurs throughout the year, with households recording their daily income and expendi-

tures, which surveyors collect quarterly. We further aggregate this quarterly data to an annual level.

The UHS is China’s official source for essential indicators of urban household living standards. We

extract service, product, and total consumption from the UHS, which we use as additional depen-

dent variables in our mechanism analysis. Household consumption panel data is acquired from the

China Family Panel Studies (CFPS), a nationally representative longitudinal survey administered

by Peking University. The CFPS collects comprehensive information on household income, expen-

diture, education, and demographics through biennial interviews, using a multi-stage, probability-

proportional-to-size sampling strategy. We utilize household-level annual consumption measures

from the CFPS to complement the UHS data, enabling us to capture changes in consumption.

4.2 Empirical Specification

Now we elaborate on the identification strategy we employ to isolate the effect of robots in miti-

gating the labor impacts of export slowdowns. Although export slowdowns reduce local employ-

ment and wages, the impact may differ across local labor markets, depending on the varying robot

intensities across regions. This is because the adoption of robots could enhance firm productiv-

ity, thereby increasing local labor demand and potentially offsetting the negative effects of export

shocks. To capture this differential effect generated by robots, we introduce an interaction term be-

tween our export shocks and robot installation at the prefecture level. We first describe our simple

regression specification and then we introduce our instruments for both export shocks and robot

installation variables.

OLS Specification: Our analysis begins with ordinary least squares (OLS) estimate that
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takes the following form:

∆EmployShareit = β1ExpShockit × RobotStocki,2010 + β2ExpShockit

+ β3RobotStocki,2010 + βx∆Xit + δpt + εit

(3)

where ∆EmployShareitis the dependent variable measuring the change in the employment rate in

prefecture i between year t-1 and t. ExpShockit is the change in manufacturing exports per worker

defined in Equation (1), and RobotStocki,2010 is the installation of industrial robot as of 2010 in a

given prefecture i. The interaction between ExpShockit and RobotStocki,2010 is our main indepen-

dent variable that captures the differential effects of export shocks on the local labor market with

varying levels of robotization at the initial period. The coefficient of primary interest, β1, quan-

tifies the heterogeneous effect of robot installation on the relationship between export shocks and

changes in employment rates.

Now we continue our discussion on the control variables and fixed effects. ∆Xit represents

the year-on-year change of a handful of socioeconomic indicators, including ∆CollegeShare (the

change in the share of college students), ∆Population (the change in total population), ∆UrbanShare

(the change in the share of people with urban hukou), and ∆HukouShare (the change in the share of

people with local hukou). It should be noted that ∆EmployShareit, ExpShockit, and all variables in

∆Xit are constructed as changes between year t−1 and t. δpt are the province-by-year fixed effects,

capturing the time-varying economic shocks at the regional level. To account for unobserved corre-

lated shocks across prefectures within the same province that may affect the statistical significance

of our estimations, we cluster standard errors at the provincial level.21 In the baseline regression,

we exclude prefecture-level fixed effects so that we could observe the impact of robot installation

(a time-invariant variable) per se on employment outcomes. Our robustness check reveals that the

main results are not affected, neither in terms of statistical significance nor economic magnitude,

by the inclusion of prefecture fixed effects.

Instrumental Variables: An immediate concern arising with OLS estimates in Equation (3)

is the issue of endogeneity with our export shock and robot installation variables. China’s export

21 In unreported robustness checks, we demonstrate that our findings remain consistent under various alternative
clustering approaches, including clustering at the city and province-year levels.
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performance might be correlated with unobserved industry demand shocks in China, which also

impact labor market outcomes. Although we use the adoption of robots at the prefecture level in

the pre-sample year (RobotStock2010) to address the endogeneity concern, it remains possible that

initial robot intensity or other city level characteristics might reflect ongoing downward trends in

manufacturing.

To establish a clearer causal link between the impact of export slowdowns and robot adoption

on employment outcomes, we construct a shift-share or Bartik IV for both export shocks and initial

robot adoption variables. First, we follow Campante et al. (2023) to construct the IV for the export

shock, combining data on the initial export composition of Chinese prefectures with product-level

changes in global trade flows excluding China (hereinafter referred to as the “rest of the world” or

ROW). Specifically, we formulate the following IV for ExpShockit:

ExpShockROWit =
∑

k

Xik,2010∑
i Xik,2010

×
∆XROW

kt

Li,2000
(4)

where ∆XROW
kt = XROW

kt − XROW
kt−1 represents the annual change in the value of trade flows for product

k within the ROW, derived from HS 6-digit product-level data in the UN Comtrade database.

These shifts for each product k are then apportioned across Chinese prefectures using weights

Xik,2010/
∑

i Xik,2010, which reflects the significance of prefecture i in China’s total exports of product

k in a pre-sample year (2010). Finally, the IV is expressed as an export shock in units of 1,000

USD per worker by normalizing it with the working-age population of prefecture i from the 2000

Census, Li,2000.22

Second, to construct a Bartik IV for China’s robot adoption in 2010, we use pre-existing

industry composition of robot use within Chinese prefectures and the 2010 industry-level robot

installation from other countries, excluding China. Specifically, robot data for the rest of the

world are obtained from the International Federation of Robotics (IFR), which reports annual robot

installations by country and by industry.23 Importantly, up to 2010, China is not yet a major

exporter of robotics. Therefore, the adoption of robots from other countries may capture global

22The 2000 Census data is used to avoid inflating the first-stage correlation between the IV and ExpShockit because
they use the same denominator.

23Please see https://ifr.org/ for more details.
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technological trends in automation that are plausibly exogenous to local labor-market conditions

in Chinese prefectures.

As specified in the equation below, the instrumental variable, RobotROWit, exploits variations

in the industry-level adoption of robots in other countries and the concentration of robots across

prefectures.

RobotROWit =
∑

j

Ii j,2010∑
i Ii j,2010

×
∆RobotRow

j,2010

Li,2000
(5)

In the above, ∆RobotRow
j,2010is the robot installation in industry j in other countries excluding

China in the year 2010. One important reason for using robot installations rather than robot stocks

in the instrument is to alleviate the concern that global robot stocks may still capture ongoing trends

in automation, which could be correlated with China’s own demand for robots. In the robustness

section, we show our results are robust to using robot stocks or installations when constructing

RobotROWit. We further apportion industry-level robot installation to each prefecture using the

concentration of robots in each prefecture as weights. The concentration of robots, Ii j,2010∑
i Ii j,2010

, is

constructed using the number of imported robots in industry j in prefecture i as a share of the total

number of imported robots in industry j in 2010.

Unlike Acemoglu and Restrepo (2020), our IV measure of predicted robot installation is

based on observed robot installation at the prefecture level rather than a proxy local robot intensity

based on the industry-level robot installation and local employment composition. Using employ-

ment shares risks overestimating the significance of robot intensity in prefectures with lower de-

mand for automation and less reliance on robots. To mitigate the concern that the robot adoption

in 2010 might be correlated with temporary changes in the labor market in the 2010s, we also

substitute the robot concentration with the year 2005 to construct an alternative IV. The robustness

check shows that our result remains unchanged.

Our identification strategy relies on two assumptions that the Bartik IV usually relies on.

The first assumption is that the foreign import demand growth at the national level is not correlated

with any downward trend in labor demand. For instance, a fall in global demand leads to declining

foreign exports. Then, using the export growth in other countries may still capture unobserved
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demand shocks within China. Second, Goldsmith-Pinkham et al. (2020) emphasize the importance

of testing the exogeneity of the initial industry shares when using Bartik IV. In our setting, the

initial export structure and robot concentration in the instruments may directly predict local labor

outcomes if they are correlated with other demand shocks. To address these concerns, we (1)

run a series of robustness tests that include balance tests suggested by Borusyak et al. (2022),

(2) add the prefecture-level fixed effects to our regressions, (3) examine the pre-period results,

(4) use alternative constructions of IV via a gravity approach, and (5) conduct the statistical test

of Rotemberg weights suggested by Goldsmith-Pinkham et al. (2020). We discuss these in more

detail in Section 5.3.

5 Results

We now present our core findings on the effect of export performance, robot adoption and employ-

ment. Following the discussion on the baseline results, we then include a discussion of robustness

checks and validation exercises for the Bartik IV.

5.1 Summary Statistics

First, we present summary statistics. Figure A1 displays the geographic variations in our robot

installation and employment rate changes. The graph in Panel A shows the density of prefecture-

level robot installations up to 2010, highlighting that cities in central and southeast coastal areas

have the highest levels of robot adoption. Table 1 displays the descriptive statistics for these

variables. On average, in 2010, China adopted approximately 15 robots per 1,000 workers. The

annual change in employment share averages 0.43%. However, it exhibits large variations across

the geography, as the standard deviation is as high as 2.11%. The graph in Panel B presents the

average annual employment rate growth for each city over 2010–2016. It is evident that coastal

cities continued to experience relatively robust employment rate growth over the sample period.

Against the backdrop of an overall slowdown in exports between 2010 and 2016 (according

to Table 1, the average growth rate is as low as 0.06%), we observe a suggestive positive correlation

between initial robot installation and subsequent employment performance. This pattern indicates
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that cities with higher initial levels of robot adoption may have exhibited relatively stronger re-

silience to the adverse export shock. We will formally examine this relationship in Section 5.2.

5.2 Baseline Results

In this study, we are particularly interested in whether robot adoption mitigates the relationship

between export slowdowns and employment outcomes. To examine this effect, we estimate the

main specification in Equation (3) and present the results in Panel A of Table 2. Column (1) reports

the findings from the OLS estimation. The result in the second row shows that the export shock

is positively, albeit insignificantly, correlated with the change in employment rate, suggesting that

a slowdown in exports leads to a declining employment rate. The key coefficient of interest, β1,

in the first row captures the effect of robot adoption on how export shocks impact employment

rate. The negative sign of the coefficient suggests that the adverse impact of export slowdowns

on employment outcomes is mitigated in cities with higher levels of initial robot adoption. It

is important to note that the export shock is measured as export growth; therefore, a negative

coefficient on the interaction term implies that higher robot adoption attenuates the adverse effect

of declining export growth on employment outcomes.

However, the OLS estimates suffer from large standard errors, thereby weakening the sta-

tistical significance of the results. Moreover, OLS estimates might be downward biased because

robot installations are likely to be correlated with other determinants of labor market outcomes24.

To provide insights into causal inferences, we proceed to two-stage least squares (2SLS) esti-

mates. In Column (1) of Panel B of Table 2, we examine the first-stage condition for ExpShockROWit.

In particular, we conduct a regression where ExpShockit serves as the dependent variable and

ExpShockROWit is the independent variable. The result demonstrates a significant and positive rela-

tionship between the export shock variable (ExpShockit) and its corresponding IV (ExpShockROWit).

The F-statistic is as high as 1682.88, exceeding the commonly accepted threshold of 10, which sug-

gests a strong predictive power of our instrument. We also report the first stage result of Robot2010

in Column (2) of Panel B. The correlation between Robot2010 and RobotROW2010 is confirmed by

24The robot intensity tends to be higher in regions with higher economic growth and a higher concentration of
skilled workers, which leads to more economic opportunities.
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an F-statistic of 589.13. Finally, in Column (3), where the dependent variable is the interaction

term between ExpShockROWit and RobotROW2010, we document a strong positive coefficient for

ExpShockit ∗ Robot2010. All of the above results confirm the relevance and the strength of the

instruments.

We proceed to report the reduced-form results on the employment outcome. Figure A2 plots

the reduced form regression of the change in employment on our instruments. The downward

slope in the top graph of Figure A2 suggests that robot adoption mitigates the employment loss

caused by the export shock.25 Formal estimates of the reduced-form relationship are reported in

Column (2) of Panel A of Table 2. The coefficient in the first row suggests that one unit increase in

predicted robot adoption is associated with a 0.0284 percentage point increase in the employment

rate when holding the export shock constant.

Now we proceed to the 2SLS estimation. As presented in Column (3) of Panel A, although

export slowdown adversely impacts the employment, prefectures with higher levels of industrial

robot installations experience fewer employment losses. To gauge the magnitude of the mitigating

effect, we calculate the economic significance by examining the impact of an interquartile change

in robot installations. Specifically, an interquartile increase in robot installations leads to a rela-

tive increase in employment by approximately 0.16 percentage points, assuming that the Chinese

export shock remains at its mean value of 61.42 dollars per worker.26 Moreover, we observe a

positive and significant relationship between robot adoption and changes in employment shares.

Our documented correlation aligns with the stream of literature indicating that robots promote em-

ployment growth (Humlum, 2019; Bonfiglioli et al., 2024; Koch et al., 2021; Adachi et al., 2024;

Albinowski and Lewandowski, 2024).

In Column (4) of Panel A, we report the 2SLS estimates for wage rates. Overall, export

slowdowns generate a negative yet insignificant impact on wage rates. Consistent with the em-

ployment effect, we find a weak but mitigating wage effect of robot adoption on wage rates. One

potential explanation for the weak wage effect is the upward selection of workers. Specifically,

25 In the middle panel of Figure A2, we show that export performance is positively correlated with employment
rate. However, the relationship between robot adoption and employment outcome is mixed, as demonstrated by the
unclear trend of the line in the bottom panel.

26The 25th and 75th percentiles of our robot installations are 0 and 0.0017 per worker, respectively. The average
export shock is 61.42 dollars. Thus, 0.0017×61.42×1.484=0.1550 percentage points.
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those who remain employed in the manufacturing sector during export slowdowns are likely to be

high skilled workers. Wage rigidity is another possible explanation for the weak wage effect. In

many manufacturing sectors, wages may be less responsive in the short run due to institutional

factors, such as labor contracts, minimum wage laws, or long-term wage agreements.

To assess the long-run impact of robot adoption, we extend the sample period beyond the

baseline years to cover 2010-2019. The results confirm that the employment effect remains robust

over the extended timeframe (Columns (1)-(2) of Table 3). Notably, Columns (3)-(4) show a

statistically significant wage effect of robotization in the long run. An interquartile increase in robot

installations leads to a relative increase in wages by approximately 0.311 log points.27 Finding

wage effect only in the long run might be because firms slowly adjust their labor inputs. However,

to avoid the potentially confounding effects of the U.S.-China trade war after 2018, in subsequent

analyses, we focus on the baseline years—2010 to 2016— when China experienced a significant

export slowdown.

5.3 Validity of Instrumental Variables

In this section, we conduct a series of exercises to address several identification concerns related

to our empirical strategy.

Randomness of the product-level shocks. The first threat to the identification assump-

tion of the Bartik IV is that export shocks at the product level might not be randomly assigned.

Then prefectures specializing in products more vulnerable to export shocks may be correlated with

other unobserved shocks. To address this issue, we follow Borusyak et al. (2022) and conduct

a balance test that examines the correlation between our product-level export shocks across an

exposure-weighted average of initial prefecture characteristics.28 The results of this balance test,

as presented in Appendix Table A1, provide reassurance that the product-level export shock is not

systematically correlated with the initial prefecture characteristics, thus supporting the validity of

27The 25th and 75th percentiles of our robot installations are 0 and 0.0017 per worker, respectively. The average
export shock is 61.42 dollars. Thus, 0.0017×61.42×2.977 =0.311 log points.

28These characteristics considered include the share of workers with a college education (CollegeShare), the share
of manufacturing employment (ManufacShare), the export-to-GDP ratio (Exp/GDP2010), the proportion of the popu-
lation with hukou status (HukouShare2010), robot adoption (Robot), log GDP per capita (GDP/Pop2010) and log fiscal
revenue per capita (Fiscal Rev).

22



the instrument. Moreover, we follow Campante et al. (2023) and implement a gravity-equation

approach to isolate the variation in foreign export flows that are driven only by product-demand

changes in foreign markets rather than China’s domestic shocks. Column (1) of Table 4 indicates

that our results are robust to this alternative specification. Furthermore, as suggested by Borusyak

et al. (2022), we include an interaction term between the initial export exposure tercile dummies

and year trend to address the “incomplete share” concern. As shown in Column (2) of Table 4, the

main effect remains robust after accounting for trends in the exporting sector.

Local shares and other shocks. Our second concern stems from the prefecture-level export

shares and robot concentration in the initial period. Our Bartik IVs rely on geographic variations in

the initial export structure and robot concentration that may be correlated with other local shocks

and contaminate our results. For instance, if prefectures specializing in industries that house more

robots were following a downward trend in labor outcomes, our estimates would capture the effect

of the ongoing trend on the local labor market. To alleviate this concern, Appendix Table A2 re-

gresses the change in employment share between 2006 and 2010 on future export shocks between

2010 and 2016 and its interaction with robot installation. No apparent pre-trend effects are detected

before the treatment period. Overall, the estimated coefficients are smaller in magnitude compared

to our baseline estimates and are not statistically significant. Moreover, we include prefecture

dummies in our stacked-differences analysis to check whether prefecture trends alternatively inter-

pret our estimates. We report this result in Column (3) of Panel A of Table 4, suggesting that our

estimates remain unchanged after including these prefecture fixed effects.

Sensitivity to misspecification. We examine whether our estimates are sensitive to misspec-

ifications following the methodology proposed by Goldsmith-Pinkham et al. (2020). To assess the

distribution of sensitivity across products, we calculate each product’s Rotemberg weight, which

reflects the relative contribution of each product of the Bartik-IV to the overall estimation. De-

spite employing a large number of instruments—reflecting shocks across 4,485 HS products—the

distribution of sensitivity may be skewed, with a small number of products accounting for a dispro-

portionate share of the weight. As shown in Panel A of Appendix Table A3, the top five instruments

collectively account for only 4% of the total absolute weight in the estimator. These instruments

include jewelry, telephones, motor cars, machines for reception, and diamonds. Unlike low-skill,
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technologically stagnant industries where trade is often the primary shock, these industries repre-

sent higher-skill, technologically innovative sectors where advancements in technology may play

a more significant role than trade dynamics. Alternatively, we repeat this exercise at the SIC in-

dustrial level and find similar results regarding the Rotemberg weight (see Panel B of Appendix

Table A3).29 These results suggest that our main effects are not driven by a narrow subset of

products but instead reflect broader patterns.

Dropping each HS section. To determine whether our estimates were driven by a particular

product sector, we also reconstruct the export shock variable and the Bartik IV by systematically

excluding products from the 4,485 HS codes, one at a time. We assess the robustness of our find-

ings by plotting the distribution of regression coefficients that are obtained by excluding products

from each HS code at a time. As shown in Figure A3, the coefficients remain consistently negative

across all exclusions, with no significant deviation from the baseline estimate of -1.484. This rules

out the possibility that a single HS product disproportionately drives our results.

Past robot shocks and labor market. We also address the concern about the endogeneity

of our robot stock variable. On the one hand, it is possible that the robot adoption in 2010 as a

pre-sample exposure is serially correlated and captures the effects of past robot shocks on future

employment outcomes. To mitigate this concern, we follow Jaeger et al. (2018) and conduct an

additional robustness check by adding the robot adoption level from earlier years (i.e., 2005).

Adding robot exposure in the earlier period helps to control for the impact of past robot shocks on

the local labor market. Again, the instrument for robot installation in 2005 is constructed using

the 2005 robot installations in foreign countries and the robot concentration in 2010. Column

(4) of Table 4 reports the results and indicates no change of our results after controlling for the

past robot shocks. Moreover, in Column (5), we use an alternative IV that is constructed based

on robot concentration in earlier years (i.e., 2005). On the other hand, prefectures with higher

levels of initial robot installation may have had lower initial labor force participation. That is, the

extent of robot adoption may partly reflect local labor market fundamentals. As a result, when

the export slowdown occurred, these areas may have experienced smaller declines in employment

simply because there was less room for employment to fall. To address this concern, we include

29A similar robustness test is performed excluding one industry at a time, and the (unreported) results are consistent.
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interactions between initial robot tercile dummies and year fixed effects in our regressions. We

report the result in Column (6). Across all Columns (4)-(6), our results are robust and consistent.

Robot adoption and other technology shocks. Another potential concern is that other

technology shocks correlated with robot adoption might confound our estimates. We investigate

this issue by controlling for local exposure to innovations and industry value added.30These vari-

ables are constructed in Bartik style based on the initial prefecture-level employment shares and

industry-level innovation growth and value added. Columns (7) and (8) show that our result re-

mains unchanged after controlling for exposure to other technology shocks and industry value

added.

Accounting for variation in industry structure. According to Acemoglu and Restrepo

(2020), regional variation in industry composition, which determines exposure to robots, may lead

to differences in local labor market outcomes. In our context, prefectures with higher robot inten-

sity may systematically differ in their initial industry structure, raising the concern that our results

could be alternatively interpreted as reflecting industry composition rather than robot exposure

per se. To rule out this possibility, we include two prefecture-level covariates: the share of ser-

vice sector value-added in total output and a weighted sum of value added across the agriculture,

manufacturing, and service sectors. Column (9) of Table 4 suggests that our result is robust to

controlling for the initial industry structure difference.

Multiple endogenous variables. Finally, we consider the issue of weak instruments when

there are multiple endogenous variables involved. In our main specification, there are three en-

dogenous variables including export shocks, robot stocks, and the interaction of the two. While

our previous results suggest strong statistical power of first-stage F-statistics, our identification

might be weak when more than one endogenous variable is involved because the reduced form

parameters are not local to zero. To address this concern, we follow the approach developed by

Sanderson and Windmeijer (2016) and calculate the conditional F-statistics of the first stage. By

computing F-statistics conditional on other endogenous variable, this method isolates the strength

of one instrument for its corresponding endogenous variable from other endogenous variables.31

30We measure the innovation and industry value-added exposure based on the initial employment share at the
prefecture level and the change in number of innovations and log industry value-added at the industry level between
2010 and 2016.

31For instance, if the instruments strongly affect export shocks (ExpShock) but not (RobotStock), our conditional
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The first-stage conditional F-statistics for ExpShock*RobotStock,2010, ExpShock, and Robot-

Stock are 430.57, 130.37, and 20234.86, respectively, indicating strong statistical power of our

instruments in the first stage.32 We also conduct an exercise by estimating the alternative specifi-

cation where we only instrument for export shock or robot stock at each time in Table A4. Overall,

the results remain robust to these alternative specifications, alleviating the concern about identifi-

cation issues arising from the use of multiple endogenous variables in our specification.

5.4 Additional Robustness Checks

In this subsection, we conduct a series of additional robustness checks to ensure the validity of our

findings. These checks involve exploring alternative variables, dropping extreme values, alterna-

tive sampling, and using other data sources.

Alternative Variables. We use the alternative dependent outcome variable—the change in

natural logarithm of employment—which allows us to interpret the results as percentage changes

in employment and reduce the influence of large employment numbers in certain prefectures. In

Column (1) of Table A5, the coefficient of -4.3357 indicates that an interquartile increase in robot

installations leads to a relative increase in employment by approximately 0.005 log points (about

0.5%).33

Extreme Values. We address the potential impact of outliers by systematically dropping

extreme observations where the change in employment shares falls below the 5th percentile or

exceeds the 95th percentile. In Column (2) of Table A5, we show that the results are not sig-

nificantly changed by the exclusion of outliers. However, the magnitude of the main coefficient

decreases. One possible reason is that the main effect may be stronger in cities with particularly

high employment losses, which are excluded from this regression.

Using Census Data. We validate our findings using Population Census survey data, which is

collected every five years. For this analysis, we use two waves of the survey, from 2010 and 2015.

F-statistics for RobotStock will suggest weakness in the first stage.
32According to Sanderson and Windmeijer (2016), we first obtain residuals from regressing endogenous variables

Xj on those endogenous regressors X-j with Xj excluded. Then we regress the obtained residuals on those exogeneous
regressors and calculate the conditional F-statistics. See more in their Appendix A.3

33The 25th and 75th percentiles of our robot installations are 0 and 0.0017 per worker, respectively. The average
export shock is 61.42 dollars. Thus, 0.0017×61.42×0.043357=0.0045 log points.
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Although the sample size is reduced to 322 observations, the results in Column (3) of Table A5

are remarkably consistent with our baseline findings.34 This robustness check underscores the

reliability of our conclusions, even when using a distinct dataset with fewer observations.

Accounting for depreciation of robots. To account for the possibility that robots may de-

preciate over time, we examine our main results with two exercises. First, we use more recent robot

import data between 2005 and 2010 in each prefecture to construct our robot stock measure. The

results based on more recent robot import data are reported in Column (4) of Table A5, confirming

that depreciation does not affect our findings. Second, we assume a 10% annual depreciation rate

of robots following Graetz and Michaels (2018) and construct the robot stock using the perpetual

inventory method, accounting for depreciation over time. The results are reported in Column (5)

of Table A5. Our main results remain robust.

Using robot stock in the instrument. To address the concern that our current instruments

in Equation (5) may not fully capture variations in actual robot stocks, we reconstruct the robot

instrument (RobotRowit) by using foreign robot stocks, rather than installations, in industry j across

other countries excluding China, measured in the year 2010. The results reported in Column (6) of

Table A5 demonstrate that our findings are robust to the alternative stock-based measure of robot

exposure.

6 Potential Mechanisms

In this section, we examine the possible mechanism by which robot adoption mitigates the impact

of export slowdowns on employment outcomes. We consider several possible explanations for

the mitigating effect, including local demand growth, migration effect, diversification strategies of

firms, and government subsidies. Overall, we find that robot adoption stimulates local demand

growth, as we show evidence that firms in areas with more robots exhibit greater increases in

domestic sales than firms in other areas, conditional on the same level of export shock exposure.

To further complement this analysis, we also show that local consumption increases more in areas

with more robots.

34The point estimates in Column (3) of Table A5 represent a five-year average effect of robots and export slowdown
on employment. Therefore, the coefficient is larger than that in the baseline.
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6.1 Domestic Sales

It is possible that robot adoption enhances firms’ competitiveness by improving production effi-

ciency and operational flexibility, and therefore enables local demand growth (Artuc et al., 2023).

For instance, more roboticized firms might adjust their output to meet changing demand patterns,

minimize labor costs, and avoid significant production disruptions.

To test this hypothesis, we examine the effects of robots on sales and costs of firms. The

analysis is conducted at the firm level so that we can further control for firms’ unobservable char-

acteristics by adding firm fixed effects into the baseline specification. As shown in Panel A of

Table 5, there is a statistically significant increase in firms’ main income (see Columns (4) and

(5)). Moreover, we highlight a key finding that although the change in foreign sales remains statis-

tically unaffected by robot adoption (see Column (2)), robot adoption significantly raises domestic

sales in response to export slowdowns, as indicated by the negative coefficient on the interaction

term in Column (1). This effect is observed in terms of both absolute dollar value as well as per-

centage change (Column (3)), indicating that robots enable firms to pivot their strategies toward

domestic markets. Such a reallocation likely reflects the enhanced flexibility and efficiency that

robots provide, allowing firms to adapt to declining export opportunities by strengthening their

presence in domestic markets.

We also investigate whether firms’ ability to retain employment under the impact of adverse

export shocks relates to the reduction in operational costs. As shown in Panel B of Table 5, our

findings indicate that robot adoption leads to an increase in core expenses such as main business

costs (∆Main Biz Cost), but no statistically significant change in overall business costs (∆Biz Cost),

salaries (∆Salary), management fees (∆Mngt Fee), or R&D expenditures (∆R&D Fee). These re-

sults suggest that, at least in the short term, robots do not directly disrupt the cost structure. How-

ever, robot adoption may mitigate the effects of export slowdown in other financial and operational

dimensions. Specifically, firms in sectors with more robots report an increase in accommodation

expenses (∆Accommodation Fee). These fees are related to sales and marketing efforts aimed at

compensating for the slowdown in export demand. The rise in accommodation expenses could be

directly linked to efforts at expanding domestic market outreach. These adjustments are consis-

tent with the pattern observed in Panel A of Table 5, suggesting that firms are reallocating sales
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resources in response to changing market conditions.

Overall, our results in Table 5 highlight the strategic role of robot adoption as a mediator for

firms during periods of export slowdown. By reallocating resources and prioritizing domestic sales,

robot-adopting firms are able to cushion the negative impacts of trade disruptions, showcasing the

adaptability fostered by technological investments.

6.2 Alternative Mechanisms

In this section, we aim to examine alternative mechanisms that may explain the observed main ef-

fects of robot adoption in mitigating the adverse employment effects of export slowdowns. Specifi-

cally, we focus on four possible alternative explanations: the initial displacement effect, population

migration, firms’ diversification strategies, and government subsidies.

Initial displacement effect. As discussed in Section 3, firms with high initial robot adoption

may have already undergone substantial labor displacements before the onset of the export slow-

down, so that their labor costs would already be relatively low compared to other firms using fewer

robots in our sample period. If so, our results show smaller employment losses in areas with more

initial robot adoption simply because a substantial share of the adjustment had already occurred

prior to our sample period—rather than because robots buffer the negative labor market effects of

the export slowdown.

To assess this possibility, we first examine whether robot adoption prior to our sample pe-

riod is associated with lower labor intensity at the firm level. Using data from 2010—the year

immediately preceding our analysis window—we regress firm-level labor intensity, measured as

the number of employees divided by total assets, on cumulative robot adoption up to 2010. If firms

with higher robot adoption had already displaced labor, we would expect a negative and signifi-

cant relationship between robot adoption and labor intensity. However, as shown in Column (1) of

Table A6, we find no statistically significant effect, and the estimated coefficient is economically

small. This result suggests that, at least along this dimension, higher robot adoption before 2010

did not translate into systematically lower labor intensity.

To further test whether earlier labor displacements are concentrated among firms more ex-

posed to the export slowdown during 2010-2016, we augment the specification by adding an inter-
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action between the firm-level robot adoption as of 2010 and subsequent export shocks, defined as

the average prefecture-level export exposure over 2010-2016. By doing so, we could compare the

pre-period labor intensity across firms with different levels of robot adoption while holding future

export exposure constant. Our results shown in Column (2), however, show that this interaction

term is statistically insignificant and small in magnitude. Taken together, these findings provide

little support for the hypothesis that our main results are driven by pre-sample labor displacement.

Migration. Export slowdown may dampen local economic performance, leading to out-

migration as individuals seek better opportunities elsewhere (Campaniello, 2014). Similarly, the

adoption of robots could shift the labor market composition by displacing low-skilled workers, po-

tentially encouraging them to leave the local market (Faber, 2020; Javed, 2023). If either of these

scenarios holds true, our findings may be driven by migration effects because the out-migration of

workers could reduce local labor market competitiveness and lessen the impacts of export slow-

down. By adjusting the local labor supply, the localized impacts may be diffused from areas more

exposed to export slowdown toward less exposed areas.

To test this possibility, we use Census data and examine the effects of export slowdowns

and robot adoption on population changes, as presented in Appendix Table A7. Columns (1)

and (2) show that neither export shocks nor robot adoption alone significantly influence population

changes. In Column (3), the coefficient of the interaction between export shocks and robot adoption

remains statistically insignificant. Together, these results suggest that migration is unlikely to be a

primary driver of our main findings.

It is important to note that internal migration does not appear to be a major channel through

which the effects of trade shocks and robot adoption operate. This raises the question of whether

the main effect we estimate reflects any general equilibrium adjustment at all. In a context where

migration is limited, we argue that the main findings are best interpreted within a partial equilib-

rium framework, in which local labor markets adjust independently. The limited role of migration

is likely due to internal mobility frictions in China, such as the household registration (hukou)

system, which restricts labor movement across regions.

Firm’s Diversification Strategy. Another potential channel is firms’ diversification strate-

gies. The adoption of robots could enable firms to diversify their operations, either geographically
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or across industries, which serves as a strategy against export slowdowns. For example, firms

might reduce their dependence on a single market or product by expanding into new regions or

sectors, thereby preserving employment levels through more effective risk distribution.

To explore this possibility, we analyze data on publicly listed Chinese firms and their sub-

sidiaries, constructing a Herfindahl–Hirschman index (HHI) at both the domestic regional and

industry levels to measure diversification. Specifically, we let si, j,t represent the percentage share

of investment of firm i in industry j in year t. The industry-level HHI for firm i in year t is given

by HHI_Industryi,t =
∑N

j=1 si, j,t
2, where N represents the number of industries of the firm. Like-

wise, we construct regional-level HHI for firm i in year t, the equation is given by HHI_Areai,t =∑M
k=1 αi,k,t

2, where M represents the number of prefectures of the firm and αi,k,t is the percentage

share of investment of firm i in prefecture k in year t. Higher values of HHI indicate higher concen-

tration, implying that the firm’s activities concentrate on a few industries or geographic regions.

Conversely, lower HHI values indicate greater diversification, suggesting the firm’s activities are

spread across a wider range of industries or regions.

The results, presented in Appendix Table A8, reveal that robot adoption under export slow-

downs slightly increases diversification, although the effect is statistically insignificant. These

findings suggest that diversification strategies are not a major contributor to the observed effects.

Robot Subsidy. A third possible alternative mechanism relates to government subsidies.

In China, firms adopting robots may benefit from place-based policies or financial incentives that

could influence employment outcomes during periods of export slowdowns. To investigate this

mechanism, we examine prefectures that received robot-related subsidies during our sample period

and conduct a series of analyses to assess the impact of robot subsidies on the employment.35

First, we rerun our baseline regressions after excluding prefectures that are identified as

major recipients of robot-related subsidies. This helps us to isolate the employment effect of

robot adoption from the effect driven by robot subsidies. Second, we create a subsidy dummy

variable to indicate whether a prefecture benefits from such policies; we include this dummy,

along with its interaction with year trends, as additional control variables in our regressions. This

35The identification of prefectures with robot subsidies is mainly from web sources, such as http://www.xzlrobot.
com/c3531.html. In total, we identified six cities with the heaviest robot subsidies over the sample period: Shanghai,
Nanjing, Shunde, Guangzhou, Shenzhen, and Dongguan.
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approach allows us to account for time-varying effects of subsidies on employment outcomes. The

results, presented in Columns (1) and (2) of Appendix Table A9, show that the main effect remains

consistent and robust across these specifications. Then, we construct an interaction term between

the subsidy dummy and export shocks, incorporating it into the 2SLS regressions to test whether

subsidies contaminate our estimated effects of robot adoption on the employment. The results of

this analysis are presented in Column (3), suggesting that robot-related subsidies have a limited

impact on the employment change. Therefore, government subsidies are unlikely to drive the

observed employment effect, further reinforcing the role of robot adoption as a mitigating factor

during export slowdowns.

6.3 Additional Analyses

Consumption Level. We now turn to the consumer side to examine the potential welfare impli-

cations of robot adoption. Consumption is widely regarded as a direct and observable measure of

household welfare—when individuals consume more, it often reflects improved income prospects

or greater job security. Therefore, we conjecture that, while robots may help households cushion

the adverse employment impacts of the export slowdown, they may also contribute to improved

welfare by stabilizing or even boosting household consumption. In Table 6, we regress household-

level consumption (UHS) and prefecture-level consumption change (CFPS) on the interaction of

robot IV and export shock IV. We find that robotization might lead to increased local consumption

when the export shock is held constant. The effect is more pronounced for goods than for services,

consistent with the fact that the export shock primarily affects the trade of goods. As suggested,

one possible reason for the observed increase in local consumption is that greater robot adoption

enables an increase in local demand growth, which in turn mitigates employment losses during

export slowdown.

It is important to note that the observed consumption patterns may not directly reveal con-

sumers’ true preferences for locally produced goods, as many of the items consumed may be

imported from outside the region. Due to the lack of detailed data on transportation of goods, we

interpret the above consumption analysis only as a potential indicator of local welfare improve-

ment. Nevertheless, we refrain from drawing strong statements regarding welfare changes under
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our reduced-form framework.

Robot Adoption after 2010. To strengthen evidence that robot installations mitigate the

negative effects of export shocks, we examine whether firms adjust their subsequent robot in-

stallations in response to export shocks. Our prediction is that these firms may ramp up their

robot installations even further in response to adverse export shocks, because these firms possess

complementary technological know-how and streamlined processes that enable rapid scaling of

automation. In this sense, an export slowdown might act as a catalyst, prompting them to intensify

automation efforts to maintain or enhance their competitiveness and efficiently address evolving

market demands.

The negative coefficient in Column (1) of Table A10 shows that firms with higher initial

robot adoption increase their robot installations when exports slow down. While the coefficient

is statistically insignificant when using the absolute level of robot installations as dependent vari-

ables, we find significant effects when accounting for the initial differences in robot adoptions

across regions. The point estimate in Column (2) suggests that one unit increase in robot exposure

per worker in 2010 leads to an approximately 0.52 log point increase in robot installations between

2010-2016, holding the export shock constant. A back-of-the-envelope calculation suggests that

an interquartile increase in initial robot exposure will lead to a later increase in robot installations

by around 0.054 log points.36 This result remains robust when we use the logarithm and inverse

hyperbolic sine transformation of robot changes as the outcome variable, as shown in Columns

(3)-(6). These findings indicate that the deployment of automation is path-dependent, with early

adopters exhibiting a higher level of sensitivity. To avoid the reverse causality, our analyses of the

robotization and labor market effects rely on the initial-stage installation level of robots.

Hiring Strategy. We further present evidence on how firms adjust their hiring strategies in

response to export slowdowns. In response to changes in sales strategy, firms may need to adjust

their hiring strategies accordingly, particularly in terms of new employees’ skill levels and educa-

tional qualifications. For example, to promote domestic sales, firms may demand more strategic

planners and experienced sales managers to guide their efforts and promote revenue growth. There-

fore, one may expect to find that firms in more robot-intensive areas hire more educated and skilled

36The mean value of export exposure is around 61.42 dollars. The 25th and 75th percentiles of our robot installations
are 0 and 0.0017 per worker, respectively. Thus 0.0017×61.42×0.52=0.054 log points.
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workers when export slows down.

To test this prediction, we use data from the population census, which provides detailed

information on occupation and educational backgrounds. We aggregate this data to the pre-

fecture level and compute the changes in the share of managerial employees (∆ManagerShare)

and the share of managers with a college degree as a percentage of the working-age population

(∆CollegeManagerShare). Our results, as presented in Table 7, reveal that the adoption of robots

is associated with a relative increase in the share of managerial employees, as well as in the share

of managers with a college degree. This suggests that firms in these regions are more likely to

hire highly skilled managers to promote domestic sales in response to export shocks. Columns

(3)-(4) additionally show that the mitigating effect of robots is concentrated among more educated

workers.

These findings indicate that the employment outcomes observed in our baseline analysis may

reflect not only the overall changes in employment but also shifts in the employment structure, with

firms adapting to new technologies by hiring workers with the skills required to help firms switch

their sales strategy or to more effectively leverage those technologies. In other words, the changes

in employment observed in the baseline may, to some extent, be driven by the firms’ strategic

decisions to enhance their workforce in line with technological adoption, particularly in response

to export-related disruptions.

Manufacturing vs Nonmanufacturing Employment. Previous research on trade and the

local labor market suggests that trade shocks primarily impact manufacturing industries. How-

ever, shocks to the manufacturing industry may also impact other sectors through changes in the

competitive wage rate, worker migration across sectors, or output linkages between upstream and

downstream industries. In Table A11, we further explore the employment effects separately for

workers in the manufacturing and nonmanufacturing sectors. We find that robot adoption mitigates

the negative employment effects of export slowdown in both the manufacturing and nonmanufac-

turing sector as the coefficients of the mitigating effects are statistically indistinguishable (0.7095

and 0.7745 percentage points, respectively). Finding a mitigating effect outside the manufacturing

sector is plausible because local demand growth induced by robot adoption may boost the over-

all economy. For instance, manufacturing firms with robots expand their production, which in
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turn raises demand for services in the nonmanufacturing sector through sectoral linkages, thereby

increasing employment opportunities outside the manufacturing sector.

7 Conclusion

This study examines the role of robotization in mediating the relationship between export slow-

down and labor market outcomes in China from 2010 to 2016. By exploiting prefecture-level

variations in export shock and robot installations, our analysis reveals that robotization signifi-

cantly mitigates the adverse impacts of export slowdowns on employment. Specifically, regions

with higher initial levels of robot adoption experienced relatively smaller declines in employment

during this period.

We further investigate the underlying mechanism, finding that robotics may increase local

demand for goods. Prefectures with more robot adoption are associated with higher domestic sales

and household consumption, indicating that robotization enables firms to adjust to adverse export

conditions by shifting to the domestic market. Additionally, we find that the mitigating effects are

concentrated among high-skilled workers, particularly those in managerial roles, whose jobs are

less susceptible to automation.

This study adds to the growing research on how deglobalization and robotization impact

economies, especially in developing countries. It highlights how automation cushions the negative

effects of external trade shocks. The findings also have important policy implications. Although

automation creates challenges for labor markets, it also offers opportunities to strengthen resilience

during economic disruptions. By showing the close connection between trade and technology,

we emphasize the importance of considering how both factors interact when shaping policies for

automation and trade in today’s interconnected world. Policymakers should focus on strategies that

combine the benefits of automation and trade while addressing the unequal distribution of gains

across different skill levels.
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Figure A1: Heat Maps on Robot Adoption and Employment Rate Changes

Notes: This figure displays a heat map of robot adoption and annual employment rate changes.
In Panel A, city-level robot adoption intensity in 2010 is divided into quartiles, with darker blue
indicating higher intensity. In Panel B, the mean annual change in employment rate is also divided
into quartiles, with darker orange indicating higher growth.
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Figure A2: Reduced-form Estimates on Employment Changes

Notes: This figure shows the binned scatter plots of our reduced form estimates obtained by
regressing the employment change on the predicted export shock (ExpShockROWit), predicted
robot installation (RobotROW2010), and their interactions.
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Figure A3: Main Coefficients’ Distribution Excluding Each Product

Notes: This figure plots the distribution of the baseline coefficients. For each time, we exclude
one product (HS) from the sample and reconstruct an export shock IV. And then, we re-estimate
Column (3) of Table 2. The x-axis represents the coefficient, and y-axis represents for the density
of the distribution.
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Table 2: Export Shock, Robot and Employment Outcomes

Panel A: Change of Employment Shares and Wages

(1) (2) (3) (4)
OLS OLS Reduced Form IV-2SLS IV-2SLS

VARIABLES ∆EmploymentShare ∆EmploymentShare ∆EmploymentShare ∆log(wage)

ExpShock∗RobotStock2010 -0.8769 -1.4840∗∗∗ 1.0501
(0.7448) (0.2839) (1.6372)

ExpShock 0.4972 1.3690∗∗∗ -1.0749
(0.4172) (0.1761) (1.1209)

RobotStock2010 2.4754∗∗ 2.1024∗∗∗ 6.4753∗∗∗

(1.0142) (0.1957) (2.1789)
ExportShock(IV)∗RobotStock(IV) -0.0284∗∗∗

(0.0070)
ExportShock(IV) 0.2796∗∗∗

(0.0555)
RobotStock(IV) 0.3094∗∗∗

(0.0719)
∆CollegeShare 0.0341 0.0283 0.0063 0.4747

(0.0325) (0.0299) (0.0348) (0.2921)
∆Population -0.1337∗∗∗ -0.1223∗∗∗ -0.1110∗∗∗ -0.9389∗∗∗

(0.0355) (0.0213) (0.0062) (0.0478)
∆UrbanShare 0.0404∗ -0.0329 -0.0137 0.0744

(0.0216) (0.0417) (0.0272) (0.2093)
∆HukouShare 0.0609∗∗ 0.0450∗ 0.0499∗∗ 0.1780∗

(0.0262) (0.0223) (0.0194) (0.0877)
Province∗Year FE X X X X
Observations 1,696 1,684 1,666 1,666
R-squared 0.2163 0.5181 0.1143
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Panel B: First-stage Results

(1) (2) (3)
IV-1st Stage IV-1st Stage IV-1st Stage

VARIABLES ExpShock(IV) RobotStock2010(IV)
ExportShock(IV)∗

RobotStock2010(IV)

ExpShock∗RobotStock2010 0.0178∗∗∗ -0.0001 0.0354∗∗∗

(0.0051) (0.0002) (0.0005)
ExpShock 0.2016∗∗∗ -0.0004 -0.0030

(0.0260) (0.0007) (0.0048)
RobotStock2010 0.0989 -0.1160∗∗∗ 0.0472∗∗∗

(0.0606) (0.0123) (0.0083)
∆CollegeShare -0.0195∗∗ -0.0005∗ -0.0032

(0.0077) (0.0003) (0.0021)
∆Population 0.0110 -0.0000 0.0026

(0.0162) (0.0002) (0.0033)
∆UrbanShare 0.0078 0.0023 -0.0023

(0.0184) (0.0021) (0.0065)
∆HukouShare 0.0018 0.0000 -0.0018

(0.0133) (0.0003) (0.0021)
Province∗Year FE X X X
Observations 1,714 1,696 1,696
R-squared 0.4900 0.8661 0.2767

Notes: This table reports the baseline results. Panel A presents the role of robot adoption and export shock
on employment outcomes. In Column (1), the ExpShock—the change in export rate—is interacted with Robot-
Stock—the robot adoption level, serving as the main independent variable. In Column (2), the interaction of
instrumental variables for ExpShock and RobotStock is the main independent variable. Both columns take the
change in employment rate— ∆EmploymentShare—as the dependent variable. In Column (3), IV 2SLS regres-
sion specification is adopted. In Column (4), we report the IV regression using the change in log wages as the
dependent variable. Panel B reports the first-stage results of the IV regressions, using the instrumental variables
for ExpShock and RobotStock, as well as their interaction term as the dependent variables. For all specifica-
tions, control variables include the change in the share of college students (∆CollegeShare), the change in total
population (∆Population), the change in the share of urban residences (∆UrbanShare) and with-Hukou resi-
dences (∆HukouShare). We include province-year fixed effects. All regressions are weighted by the prefecture’s
working-age population. The standard errors in parentheses are clustered at the provincial level. The significance
levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table 3: Extending to the Year 2019

VARIABLES (1) (2) (3) (4)
OLS IV-2SLS OLS IV-2SLS

∆EmploymentShare ∆EmploymentShare ∆log(wage) ∆log(wage)

ExpShock∗RobotStock2010 -0.1276∗∗ -1.1014∗∗∗ -0.6883 -2.9770∗∗∗

(0.0590) (0.1614) (0.6421) (1.0190)
ExpShock 0.0651 0.8161∗∗∗ 0.4997 1.6889∗∗

(0.0659) (0.1101) (0.3976) (0.7101)
RobotStock2010 1.9698∗∗∗ 1.8837∗∗∗ 8.0170∗ 8.1501∗∗∗

(0.6889) (0.2127) (4.2735) (2.7303)

Baseline Controls X X X X
Province∗Year FE X X X X
Observations 2,498 2,498 2,493 2,493

Notes: This table reports the results extending the sample to the year 2019. In Columns (1)-(2), the dependent
variables are the change in employment rate—∆EmploymentShare. In Columns (3)-(4), the dependent variables
are the change in log wages. For all specifications, we employ the same set of control variables as in Table 2.
We include province-year fixed effects. All regressions are weighted by the prefecture’s working-age population.
The standard errors in parentheses are clustered at the provincial level. The significance levels of 1%, 5%, and
10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table 5: Firm Income and Expenditures

Panel A: Firm Income

(1) (2) (3) (4) (5)
∆Domestic Sales ∆Export Sales ∆Domestic Sales % ∆Main Biz Income ∆Total Sales

ExpShock∗RobotStock2010 -25.036∗∗∗ -7.035 -0.146∗∗∗ -335.578∗∗∗ -29.488∗∗

(7.662) (15.512) (0.029) (48.175) (13.766)
ExpShock 12.255∗∗ 5.197 0.038∗∗ 149.939∗∗∗ 15.238∗

(5.291) (11.561) (0.019) (35.745) (8.873)

Constant X X X X X
Baseline controls X X X X X
Province∗Year FE X X X X X
Firm FE X X X X X
Observations 918176 832361 592674 891324 918176

Panel B: Firm Expenditure

(1) (2) (3) (4) (5) (6)
∆Main Biz Cost ∆Biz Cost ∆Salary ∆Mngt Fee ∆R&D Fee ∆Accommodation Fee

ExpShock∗RobotStock2010 -152.113∗∗∗ -103.638 -0.492 -1.329 2.292 -2.549∗∗∗

(41.240) (302.220) (0.607) (1.585) (6.154) (0.769)
ExpShock 51.134∗ 69.244 0.336 0.952 -0.054 1.660∗∗

(28.658) (195.691) (0.410) (0.951) (4.636) (0.642)

Constant X X X X X X
Baseline controls X X X X X X
Province∗Year FE X X X X X X
Firm FE X X X X X X
Observations 884182 915902 813072 887277 423482 519460

Notes: This table presents the results for the relation between export shock, robot adoption and firm financial and
hiring outcomes. The data used for this analysis is NTSD. Firms with missing information in domestic and export
sales are excluded from the sample. The data is winsorized at the top and bottom 1%. The dependent variables in
Panel A are the change in firm’s domestic sales, export sales, share of domestic sales, main-business income, total
sales (in 1000 RMB), respectively. The dependent variables in Panel B are the change in firm’s main-business
cost, business cost, salary, management fees, R&D fees, accommodation fees (in 1000 RMB), respectively. For all
specifications, we use 2SLS specification and employ the same set of control variables as in Table 2. We include
province-year and firm fixed effects. All regressions are weighted by the prefecture’s working-age population.
The standard errors in parentheses are clustered at the provincial level. The significance levels of 1%, 5%, and
10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.

51



Table 6: Consumption Level

(1) (2) (3) (4) (5)
UHS CFPS

VARIABLES Total Consumption Service Consumption Product Consumption Consumption Growth Consumption Growth Rate

ExpShock∗RobotStock2010 -24,786 -12,072 -12,714∗ -14,061∗ -1.0578∗

(11,832) (7,174) (4,683) (7,577) (0.6042)
ExpShock 4,617∗ 2,326∗ 2,291∗∗ 4893∗∗ 0.2120

(1,553) (958.0) (640.2) (2036) (0.1392)
RobotStock2010 31,206 14,561 16,645 43,441∗∗ 0.8292

(25,828) (13,970) (11,860) (17658) (1.1656)

Constant X X X X X
Controls X X X X X
Province∗Year FE X X X X X
Observations 524,298 524,298 524,298 27,061 21,571

Notes: This table presents the results for the relation between export shock, robot adoption and consumption
outcomes. The data used for analyses across Columns (1)-(3) is UHS, and the data used for analyses across
Columns (4)-(5) is CFPS. In Column (1), the dependent variable is Consumption, the total consumption in a
household in a given year. In Column (2), the dependent variable is Service Consumption, the service consumption
in a household in a given year. In Column (3), the dependent variable is Product Consumption, the product
consumption in a household in a given year. In Column (4), the dependent variable is Consumption Growth, the
changes in consumption in a household in a given year. In Column (5), the dependent variable is Consumption
Growth Rate, the percentage changes in consumption in a household in a given year. For all specifications, we use
2SLS specification and employ the same set of control variables as in Table 2. We include province-year effects.
All regressions are weighted by the prefecture’s working-age population. The standard errors in parentheses
are clustered at the provincial level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗,
respectively.
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Table 7: Employment Structure

(1) (2) (3) (4)
VARIABLES ∆Manager ∆CollegeManager ∆NoCollegeEmp ∆CollegeEmp

Share Share Share Share

ExpShock∗RobotStock2010 -1.8297 -3.4427∗∗∗ -3.9343 -33.8509∗

(2.7016) (1.2264) (6.3616) (18.4432)
ExpShock 0.4512 0.2568 2.4407∗∗ -3.0166

(0.4512) (0.2446) (1.0689) (3.1923)
RobotStock2010 -7.9819 17.9300 -32.9229 300.6037∗∗∗

(15.1318) (11.2503) (29.0820) (97.0021)
RobotStock2005 0.0004∗ 0.0001 0.0009 -0.0015

(0.0002) (0.0001) (0.0009) (0.0015)

Constant X X X X
Baseline controls X X X X
Province∗Year FE X X X X
Observations 322 322 326 325

Notes: This table presents the results for the relation between export shock, robot adoption and employment
structure by occupation and skills. Data is from Census five year data from 2010 to 2015. In Column (1), the
dependent variable is ∆ManagerS hare, annual change of the share of management employees in a prefecture.
In Column (2), the dependent variable is ∆CollegeManagerS hare, annual change of the share of management
employees with a college degree in a prefecture. Columns (3) and (4) use the share of employment among
working-age population by education background. In Column (3), the dependent variable is the college and above
employment-to-population ratio. In Column (4), the dependent variable is noncollege employment-to-population
ratio. For all specifications, we use 2SLS specification and employ the same set of control variables as in Table 2.
We include province-year effects. All regressions are weighted by the prefecture’s working-age population. The
standard errors in parentheses are clustered at the provincial level. The significance levels of 1%, 5%, and 10%
are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Appendix A. Appendix Tables

Table A1: Balance Test

(1) (2) (3) (4) (5) (6) (7)
VARIABLES CollegeShare ManufacShare Exp/GDP2010 HukouS hare2010 Robots GDP/Pop2010 Fiscal Rev

ExpShock 0.0000 0.0000 0.0001 0.0000 0.1637 0.0000 0.0000
(0.0000) (0.0000) (0.0003) (0.0002) (1.3414) (0.0000) (0.0000)

Year FE X X X X X X X
Observations 26,394 26,394 26,394 26,394 26,394 26,394 26,394
R-squared 0.6297 0.6174 0.5497 0.5959 0.4337 0.6696 0.6478

Notes: This table presents the results for the balance test. The independent variable is product-level export shocks,
and the dependent variables are an array of exposure-weighted average of initial prefecture characteristics, in-
cluding the share of population with college education (CollegeShare), the share of manufacturing employment
(ManufacShare), the export-to-GDP ratio (Exp/GDP2010), the proportion of the population with hukou status
(HukouS hare2010), robot adoption (Robot), log GDP per capita (GDP/Pop2010) and log fiscal revenue per capita
(Fiscal Rev). We include year fixed effects. All regressions are weighted by the prefecture’s working-age popu-
lation. The standard errors in parentheses are clustered at the provincial level. The significance levels of 1%, 5%,
and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A2: Pretrend Test

(1)
VARIABLES ∆EmploymentShare

ExpShock∗RobotStock2010 0.2342
(0.1857)

ExpShock 0.0957
(0.0977)

RobotStock2010 -0.1191
(0.6293)

Province∗Year FE X
Observations 1,656
R-squared -0.0166

Notes: This table presents the result for the pretrend test. The dependent variable is the change in employment
rate over 2006-2010. IV 2SLS regression specification is adopted. We employ the same set of control variables as
in Table 2. We include province-year fixed effects. All regressions are weighted by the prefecture’s working-age
population. The standard errors in parentheses are clustered at the provincial level. The significance levels of 1%,
5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A3: IV Externality Test: Top 5 Rotemberg Weight

Panel A: By Product

HS Code HS Name α̂k gk β̂k

711319 Jewelry And Parts Thereof, of Precious Metal Other Than Silver 0.0131333 4.488256 0.5987197
851712 Telephones For Cellular Networks or For Other Wireless Networks 0.0094613 4.246681 0.4776216
870332 Motor cars and other motor vehicles that are primarily designed to

transport people
0.0078822 6.80144 2.771605

851762 Machines For Reception, Conversion and Transmission or Regen-
eration of Voice, Images or Other Data

0.0052067 2.368066 0.2605908

710239 Diamonds, non-industrial, sorted, worked, not mounted or set dia-
monds

0.0043963 10.65061 3.616197

Panel B: By Industry

Industry Code Industry Name α̂k gk β̂k

3911 Jewelry, Precious Metal 0.0395493 3.772014 0.5473242
2821 Plastics Materials, Synthetic Resins, and Nonvulcanizable

Elastomers
0.0377709 17.86498 1.431779

3523 Farm Machinery and Equipment 0.034524 37.46374 1.907975
3312 Steel Works, Blast Furnaces (Including Coke Ovens), and

Rolling Mills
0.0341703 24.2241 2.284018

3661 Telephone and Telegraph Apparatus 0.0328248 1.229385 0.1500471

Notes: This table presents the statistics about the Rotemberg weights for top 5 products (industries), following
Goldsmith-Pinkham et al. (2020). In Panel A, we estimate the parameters including the weights (α̂k), the national
component of growth (gk), the just-identified coefficient estimates (β̂k) at the product (HS) level. In Panel B, we
repeat this process at the industrial (SIC) level.
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Table A4: Using Only Export Shock or Robot Stock Instrument at each time

VARIABLES (1) (2)
IV-2SLS IV-2SLS

∆EmploymentShare ∆EmploymentShare

ExpShock∗RobotStock2010 -1.4994∗∗∗ -0.3285∗∗∗

(0.4608) (0.0400)
ExpShock 1.4987∗∗∗ 0.2404∗∗∗

(0.3385) (0.0388)
RobotStock2010 1.6758∗∗∗ 2.1484∗∗∗

(0.1819) (0.2690)

Baseline Controls X X
Province∗Year FE X X
ExportShock(IV) X
RobotStock(IV) X
Observations 1666 1666

Notes: This table presents the 2SLS estimates from regressions where only one instrumental variable is used. Col-
umn (1) reports the results from regression where export shock (ExpShock) is instrumented with its IV and robot
stock is not instrumented. Column (2) reports the results from regression where robot stock (RobotStock2010) is
instrumented with its IV and export shock is not instrumented. For all specifications, we use 2SLS specification
and employ the same set of control variables as in Table 2. We include province-year fixed effects. All regressions
are weighted by the prefecture’s working-age population. The standard errors in parentheses are clustered at the
provincial level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A5: Additional Robustness Checks

(1) (2) (3) (4) (5) (6)
Log Employment Drop Outliers Census Data Robots between 2005-2010 With Depreciation Using Robot Stocks in IV

ExpShock∗RobotStock2010 -4.3357∗∗ -0.7572∗∗ -9.5107∗∗ -1.4832∗∗∗ -2.4830∗∗∗ -1.4470∗∗∗
(1.7043) (0.3344) (4.0113) (0.2850) (0.5269) (0.2365)

ExpShock 2.7532∗∗∗ 0.5326∗∗ 1.3449∗ 1.3677∗∗∗ 1.3851∗∗∗ 1.3577∗∗∗
(0.8327) (0.2476) (0.6950) (0.1764) (0.1723) (0.1624)

RobotStock2010 9.0074∗∗ -1.1505∗∗ 29.5529 3.1971∗∗∗ 3.2746∗∗∗ 2.2015∗∗∗
(4.1760) (0.5056) (20.3262) (0.2855) (0.2708) (0.3362)

Baseline Controls X X X X X X
Province∗Year FE X X X X X X
Observations 1,666 1,516 322 1,666 1,378 1,666

Notes: In this table, we utilize alternative specifications. In Column (1), we change the dependent variable to be the logarithm of employment
changes. In Column (2), we remove extreme observations where the change in employment shares fall below the 5th percentile or exceed
the 95th percentile. In Column (3), we replace the data with Census data in 2010 and 2015 and use the change in the employment rate as
the dependent variable. In Column (4), we use the robot installations between 2005 and 2010 to construct robot shocks and its instrumental
variable. In Column (5), we calculate the robot stocks assuming an annual depreciation rate of 10%. Column (6) presents a robustness check
in which robot stocks, rather than robot installations, are used to construct the Bartik IV defined in equation (5), drawing on IFR data. For all
specifications, we use 2SLS specification and employ the same set of control variables as in Table 2. We include province-year fixed effects.
All regressions are weighted by the prefecture’s working-age population. The standard errors in parentheses are clustered at the provincial
level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A6: Robot, Export Shock, and Initial Displacement Effect

(1) (2)
OLS OLS

VARIABLES LaborIntensity2010 LaborIntensity2010

RobotStock2010 -0.003 0.003
(0.011) (0.016)

Avg ExpShock -0.001∗∗

(0.000)
Avg ExpShock∗RobotStock2010 0.004

(0.004)

Constant X X
Industry FE X X
Observations 205,304 205,304

Notes: This table presents the results for the relation between robot adoption, future export shock, and the initial
labor intensity. The data used for this analysis is from NTSD. The dependent variable is firm-level labor intensity
in 2010. RobotStock2010 is the robot adoption at the prefecture level in 2010, which is the same as the one in
our baseline specification in equation (3). Avg ExpShock is the average prefecture-level export exposure over
2010–2016. In Column (1), robot adoption in 2010 is the independent variable. Then in Column (2), the interac-
tion between the mean of future export shock and robot adoption in 2010 serves as the explanatory variable. We
include industry fixed effects in all specifications. The standard errors in parentheses are clustered at the industry
level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A7: Export Shock, Robot and Population

(1) (2) (3)
IV-2SLS IV-2SLS IV-2SLS

VARIABLES ∆Population ∆Population ∆Population

ExpShock∗RobotStock2010 1.2001
(3.0196)

ExpShock -1.0890 -1.4401
(1.2302) (2.0560)

RobotStock2010 4.5878 5.1820
(4.9208) (5.9171)

Constant X X X
Province∗Year FE X X X
Observations 1,684 1,666 1,666

Notes: This table presents the results for the relation between export shock, robot adoption and prefecture popu-
lation. The data used for this analysis is from city yearbook. The dependent variable is the change in population.
In Column (1), export shock is the independent variable, and in Column (2), robot adoption is the independent
variable. Then in Column (3), the interaction between these two variables serves as the independent variable. IV
2SLS regression specification is adopted for all specifications. We include province-year fixed effects. All regres-
sions are weighted by the prefecture’s working-age population. The standard errors in parentheses are clustered
at the provincial level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A8: Export Shock, Robot and Diversification

(1) (2)
IV-2SLS IV-2SLS

VARIABLES ∆HHI_industry ∆HHI_area

ExpShock∗RobotStock2010 -1.9539 -0.8292
(2.3502) (0.7062)

ExpShock 1.4203 0.4817
(1.9111) (0.5843)

RobotStock2010 0.0000 0.0000
(0.0000) (0.0000)

Baseline Controls X X
Constant X X
Firm FE X X
Province∗Year FE X X
Observations 11,749 11,749

Notes: This table presents the results for the relation between export shock, robot adoption and firm diversifica-
tion. The data used for this analysis is listed firms. In Column (1), the dependent variable is ∆HHI_industry, the
measure of diversification of a listed firm across industries. In Column (2), the dependent variable is ∆HHI_area,
the measure of diversification of a listed firm across domestic cities. For all specifications, we use 2SLS spec-
ification and employ the same set of control variables as in Table 2. We include province-year fixed effects.
All regressions are weighted by the prefecture’s working-age population. The standard errors in parentheses
are clustered at the provincial level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗,
respectively.
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Table A9: Export Shock, Robot and Employment Rate: the Role of Robot Subsidy

(1) (2) (3)
IV-2SLS IV-2SLS IV-2SLS

VARIABLES ∆EmploymentShare ∆EmploymentShare ∆EmploymentShare

ExpShock∗RobotStock2010 -1.3800∗∗∗ -1.4971∗∗∗ -1.2944∗∗∗

(0.4425) (0.2934) (0.4014)
ExpShock∗Subsidy 0.2225

(0.1879)
ExpShock 1.3466∗∗∗ 1.3727∗∗∗ 1.2037∗∗∗

(0.3578) (0.1761) (0.2719)
RobotStock2010 1.8534∗∗∗ 1.9831∗∗∗ 1.9963∗∗∗

(0.3047) (0.2158) (0.2006)
Subsidy 0.3194∗∗∗

(0.1028)

Baseline controls X X X
Constant X X X
Subsidy∗Year X
Province∗Year FE X X X
Observations 1,642 1,666 1,666

Notes: This table presents the results for the relation between export shock, robot adoption and employment rate.
The data used for this analysis is from city yearbook. The dependent variable is the change in employment rate. In
Column (1), cities with robot subsidies are excluded from the sample. In Column (2), we add an additional control
variable that interacts the year trend with Subsidy, a dummy variable indicating a firm has robot subsidies. In
Column (3), we add an additional control variable that interacts export shock with Subsidy. For all specifications,
we use 2SLS specification and employ the same set of control variables as in Table 2. We include province-year
fixed effects. All regressions are weighted by the prefecture’s working-age population. The standard errors in
parentheses are clustered at the provincial level. The significance levels of 1%, 5%, and 10% are denoted by ∗∗∗,
∗∗, and ∗, respectively.
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Table A10: Export Shock, Initial Robot Adoption and Robot Installations between
2010-2016

(1) (2) (3) (4) (5) (6)
IV-2SLS IV-2SLS IV-2SLS IV-2SLS IV-2SLS IV-2SLS

VARIABLES Robot Installations Robot Installations log (Robot Installations) log (Robot Installations) IHS(Robot Installations) IHS(Robot Installations)

ExpShock∗RobotStock2010 -138.0754 -130.3481 -0.5194∗∗ -0.9189∗∗∗ -0.9648∗ -1.0273∗∗

(163.2757) (155.4016) (0.1973) (0.2664) (0.5555) (0.4327)
ExpShock 91.9228 91.1865 0.1879∗ 0.5736∗∗∗ 0.9374∗∗ 1.0209∗∗∗

(77.9684) (73.3802) (0.1058) (0.1759) (0.3691) (0.2632)
RobotStock2010 1,826.4241∗∗∗ 1,832.0443∗∗∗ 7.0325∗∗∗ 5.5159∗∗∗ 10.1669∗∗ 9.8587∗∗

(233.9422) (218.4068) (1.9360) (0.7406) (4.0650) (3.7149)

Constant X X X X X X
Baseline Controls X X X
Province∗Year FE X X X X X X
Observations 1,693 1,666 279 278 1,693 1,666
R-squared 0.0228 0.0261 0.2200 0.2720 0.1257 0.1303

Notes: This table reports the estimated impact on the annual robot installations in manufacturing using IV 2SLS
regression specification. In Columns (1) and (2), we report the IV regression using the level of robot installations
as the dependent variable. In Columns (3) and (4), we use the logarithm of robot installations as the dependent
variables. In Columns (5) and (6), dependent variables are inverse hyperbolic sine transformation of robot instal-
lations. For specifications in odd columns, we only control for province-year fixed effects. For specifications in
even columns, control variables include the change in the share of college students (∆CollegeShare), the change
in total population (∆Population), the change in the share of urban residences (∆UrbanShare) and with-Hukou
residences (∆HukouShare), and province-year fixed effects. All regressions are weighted by the prefecture’s
working-age population. The standard errors in parentheses are clustered at the provincial level. The significance
levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Table A11: Manufacturing and Nonmanufacturing Employment

(1) (2) (3)
VARIABLES ∆Total Employment ∆Manufacturing EmploymentShare ∆Nonmanufacturing EmploymentShare

ExpShock∗RobotStock2010 -1.4840∗∗∗ -0.7095∗∗∗ -0.7745∗∗∗

(0.2839) (0.2320) (0.1900)
ExpShock 1.3690∗∗∗ 0.8352∗∗∗ 0.5339∗∗∗

(0.1761) (0.1506) (0.1074)
RobotStock2010 2.1023∗∗∗ 1.6270∗∗∗ 0.4754

(0.1957) (0.4291) (0.5956)

Baseline controls X X X
Province∗Year FE X X X
Observations 1,666 1,666 1,666

Notes: This table presents the results for the relation between export shock, robot adoption and employment
rate in the manufacturing and nonmanufacturing sectors. The data used for this analysis is from city yearbook.
The dependent variable is the change in manufacturing and nonmanufacturing employment as a percentage of
total population. In Column (1), we report the estimated total employment effect, which is the same as the
baseline estimate in Table 2. In Columns (2)-(3), we estimate the effects for manufacturing and nonmanufacturing
employment respectively. For all specifications, we use 2SLS specification and employ the same set of control
variables as in Table 2. We include province-year fixed effects. All regressions are weighted by the prefecture’s
working-age population. The standard errors in parentheses are clustered at the provincial level. The significance
levels of 1%, 5%, and 10% are denoted by ∗∗∗, ∗∗, and ∗, respectively.
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Appendix B. Theoretical Model

B.1 Theoretical Model and Overview

This appendix presents a multi-industry, multi-region model that rationalises the empirical finding

that regions with greater pre-existing robot adoption experience smaller employment losses when

export demand contracts. The economy contains multiple tradable industries (which sell both

domestically and abroad) and non-tradable industries (which sell only locally). Regions differ

in their robot capital, industrial composition, and equilibrium wages. Export slowdown enters the

model through increases in industry-specific iceberg trade costs τi. Regions with more pre-installed

robot capital have lower marginal costs, especially in highly automatable industries. Under the key

assumption that domestic buyers are more price-responsive than foreign buyers (σi > εi), lower

prices shift the sales mix towards the domestic market. A higher domestic-to-export ratio means

that a smaller share of output is exposed to trade costs, so employment is less sensitive to export

slowdown.

We first establish that under sluggish wage adjustment, robotization could buffer the negative

impact of export slowdown on employment in the tradable-sector (Propositions 1–2). As an exten-

sion (Section B.7), we also show that there is a local-demand spillover to non-tradable industries

(Proposition 3).

B.2 Model Setup

Environment. The economy consists of regions c ∈ {1, . . . ,C}. Each region contains multiple

industries i ∈ I, partitioned into two sets:

I = IT ∪ IN ,
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where IT denotes tradable industries (e.g., manufacturing subsectors) and IN denotes non-tradable

industries (e.g., local services). Aggregate regional employment is

Lc =
∑
i∈I

Lci. (1)

Predetermined regional robot adoption. Let Rc > 0 denote region c’s aggregate stock of in-

stalled robots. Crucially, Rc is predetermined: robots are installed capital that is already sunk

before trade shocks are realised and does not adjust contemporaneously. Firms do not adjust their

robot holdings in response to trade cost changes; they adjust only labor. This timing assumption

is plausible because the capital investment decisions are irreversible and robot adoption moves

slowly. Empirically, Rc corresponds to a Bartik-style measure constructed from industry-level

robot adoption rates and baseline employment shares.

Robot capital by industry. The regional robot stock Rc is allocated across industries. Define the

robot capital available to industry i in region c as

KR
ci = κi Rc, (2)

where κi > 0 is a technology parameter reflecting how intensively industry i uses robots.37 Since

Rc is sunk, KR
ci is also predetermined. In the comparative statics below, KR

ci is held fixed when trade

costs change.

Production. In each region–industry pair (c, i), firms produce differentiated varieties using robot

capital and labor. Following the task-based framework of Acemoglu and Autor (2011) and Ace-

moglu and Restrepo (2020), production requires a unit continuum of tasks s ∈ [0, 1], aggregated

with a Cobb–Douglas structure.38 A fraction αi ∈ (0, 1) of tasks is automatable (performed by

37One can also allow κi to vary by region (κci) without affecting the key comparative-statics results, since the
propositions depend on the elasticity of costs with respect to Rc, which is governed by αi rather than κi. We use κi for
simplicity.

38Our model uses a Cobb–Douglas production function rather than a task-based framework (e.g., Acemoglu and
Restrepo, 2020; Graetz and Michaels, 2018). In task-based models, the displacement effect arises when changes in
robot prices or technology shift the automation frontier, causing robots to take over tasks previously performed by
workers. In our setting, both the robot stock Rc and the automation share αi are predetermined, so the automation
frontier is fixed and no new displacement occurs in response to trade shocks.
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robot capital), while the remaining fraction 1−αi is performed by labor.39 The production function

is

qci = Ai
(
KR

ci
)αi L1−αi

ci , i ∈ I, (3)

where Ai > 0 is baseline industry productivity, KR
ci is the predetermined robot capital stock, and

Lci is labor input. The parameter αi is the automation share of industry i: industries with more

routine, repetitive tasks (e.g., automotive assembly) have higher αi; industries relying on non-

routine, cognitive tasks have lower αi. Since robot capital, Rc, is predetermined in our context, we

fix the automation share, αi in our model setup. This implies that no new displacement arises in

response to trade shocks. Our model therefore focuses on how pre-existing robot capital buffers

employment through the productivity channel.

The short-run labor requirement for output qci is:

Lci =

(
qci

Ai (KR
ci)αi

)1/(1−αi)

. (4)

Factor prices. Let wc > 0 denote the wage in region c, which is determined endogenously in

the local labor market (see below). Robot capital, being sunk, has no rental cost entering current-

period optimisation.

Short-run marginal cost. With KR
ci fixed and labor as the only variable input, the short-run

variable cost is wc Lci. Differentiating with respect to qci yields the short-run marginal cost:

MCci(qci) =
wc

(1 − αi) A1/(1−αi)
i (κi Rc)αi/(1−αi)

× qαi/(1−αi)
ci . (5)

Two properties are immediate. First, marginal cost is decreasing in Rc: more robot capital lowers

the cost of production. The elasticity is

∂ ln MCci

∂ ln Rc
= −

αi

1 − αi
< 0. (6)

39This follows from a Cobb–Douglas aggregation across the task continuum: qci = Ai exp
(∫ 1

0 ln xci(s) ds
)
, where

tasks s ≤ αi use robot capital and tasks s > αi use labor. With symmetric allocation within each task type, this yields
equation (3).
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Industries with a larger automation share αi experience a proportionally greater cost reduction from

robot adoption.

Second, marginal cost is increasing in output: ∂MCci/∂qci > 0. This reflects diminishing

returns to the variable factor (labor) when robot capital is fixed. The slope of the marginal cost

curve plays a role in dampening the output response to trade shocks, as shown in the propositions

below.

Prices. Firms operate under monopolistic competition. Each firm produces a differentiated vari-

ety and faces CES demand, which yields a constant optimal markup (µi) over marginal cost:40

pci = µi MCci(qci). (7)

Unlike the constant-MC case, pci now depends on the equilibrium level of output. In particular,

when output falls (e.g., due to a trade shock), marginal cost declines and so does the price. This

feedback partially dampens the output decline by stimulating domestic demand.

Combining equations (5) and (7), the elasticity of price with respect to robot adoption (hold-

ing output fixed) is as below, which implies that more robot capital strictly lowers prices in au-

tomatable industries.

∂ ln pci

∂ ln Rc

∣∣∣∣∣
q

= −
αi

1 − αi
< 0. (8)

Local labor market. Regional population is fixed in the short run: Nc = N̄c. Labor supply in

region c is upward-sloping in the local wage:

Ls
c = N̄c

(
wc

w̄c

)η
, η ≥ 0, (9)

40Under CES preferences with elasticity of substitution σi > 1, the profit-maximising markup is µi = σi/(σi − 1).
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where w̄c is a reference wage and η is the wage elasticity of labor supply.41 The labor market

clears: ∑
i∈I

Lci = Ls
c. (10)

This condition determines the equilibrium wage wc as a function of trade costs, τi, and robot

adoption in region, Rc.

B.3 Demand for Tradable Industries

For each tradable industry i ∈ IT , total sales consist of domestic and export components. Both are

derived from CES preferences, but domestic and foreign buyers operate in distinct markets with

potentially different substitution patterns.

Domestic demand. Domestic consumers choose among varieties of good i produced in different

regions. Following the Armington (1969) framework, preferences over regional varieties within

industry i are CES with elasticity of substitution σi > 1. The demand for region c’s variety is

qD
ci =

(
pci

PD
i

)−σi YD
i

PD
i

, (11)

where PD
i =

(∑
s p1−σi

si
)1/(1−σi) is the domestic CES price index for industry i and YD

i is aggregate

domestic expenditure on good i. Since each region is small relative to the national market, we treat

PD
i and YD

i as exogenous to the individual region and collect them into a demand shifter:

Di ≡
YD

i(
PD

i
)1−σi

> 0,

so that domestic demand reduces to

qD
ci = Di p−σi

ci . (12)

Export demand. Foreign consumers choose among varieties sourced from different countries.

Preferences are CES with elasticity of substitution εi > 0, and they face a delivered price τi pci,

41When η = 0, labor supply is perfectly inelastic: Ls
c = N̄c. Allowing η > 0 captures the extensive margin of labor

force participation.
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where τi ≥ 1 is an industry-specific iceberg trade cost. Defining

Ei ≡
Y∗i(

P∗i
)1−εi

> 0,

export demand reduces to

qX
ci = Ei (τi pci)−εi . (13)

An export slowdown is modelled as an increase in τi, which raises the effective price faced by

foreign buyers and reduces export sales.

Assumption 1 (Demand asymmetry) For each tradable industry i ∈ IT : σi > εi, i.e., the do-

mestic demand elasticity exceeds the export demand elasticity.

Assumption 1 is consistent with the Armington framework. The elasticity σi represents

within-country substitution across regional varieties: domestic buyers face many local alternatives

and can easily switch suppliers. The elasticity εi represents across-country substitution: foreign

buyers who have already incurred the fixed costs of sourcing from a particular country face fewer

close substitutes.42

Total output. Total output in tradable industry i is

qci = qD
ci + qX

ci = Di p−σi
ci + Ei τ

−εi
i p−εi

ci . (14)

The domestic-to-export ratio. Define the domestic-to-export ratio for industry i in region c:

ρci ≡
qD

ci

qX
ci

=
Di

Ei
τεi

i p εi−σi
ci . (15)

42This two-tier structure has a long tradition in the trade literature. Hickman and Lau (1973) and Geraci and Prewo
(1982) proposed nested CES demand systems in which the elasticity of substitution between domestic and imported
goods differs from that among importables of different origins. Bergstrand (1985) embedded this structure in a general
equilibrium gravity framework and found empirically that the elasticity of substitution among importables exceeds that
between domestic and imported products. Anderson and van Wincoop (2003) document large border effects—within-
Canada trade is 6 times higher than predicted in the absence of borders—implying that within-country substitution
far exceeds across-country substitution. Broda and Weinstein (2006) estimate Armington elasticities for thousands of
imported goods at fine product levels using the methodology of Feenstra (1994), finding relatively low cross-country
substitution elasticities that are consistent with the gravity literature (see Head and Mayer, 2014, for a meta-analysis
of trade elasticities).
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Under Assumption 1, εi − σi < 0, so a lower price raises ρci: regions with more robot capital tilt

their sales towards the domestic market.

B.4 Demand for Non-Tradable Industries

Non-tradable industries i ∈ IN sell only locally. Their export component is zero:

qX
ci = 0 for all i ∈ IN . (16)

Domestic demand is region-specific:

qci = DN
ci p
−σN

i
ci , DN

ci > 0, σN
i > 0. (17)

In the baseline model, DN
ci is exogenous and does not depend on τi. A local-demand spillover

extension that endogenises DN
ci is introduced in Section B.7.

B.5 Equilibrium

For a given regional wage wc, the equilibrium in each tradable industry (c, i) is characterised by

two simultaneous conditions:

1. Pricing: pci = µi MCci(qci), where MCci is increasing in qci (equation (5)).

2. Demand: qci = Di p−σi
ci + Ei τ

−εi
i p−εi

ci (equation (14)).

Because marginal cost is increasing and demand is decreasing in price, there exists a unique

equilibrium (p∗ci, q∗ci) for each (c, i).43 Employment then follows from equation (4). For non-

tradable industries, qci is determined by local demand, pci = µi MCci(qci), and employment follows

analogously.

43Formally, condition (1) defines an upward-sloping supply relation p(q) and condition (2) defines a downward-
sloping demand relation q(p). Their intersection is unique.
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Labor market clearing. The equilibrium wage wc is pinned down by the labor market clearing

condition in equation (10): ∑
i∈I

Lci(wc; {τi}, Rc) = N̄c

(
wc

w̄c

)η
. (18)

This equation implicitly defines wc = wc({τi}, Rc).

B.6 Main Results

Define the domestic and export shares of output as below:

sD
ci =

qD
ci

qci
=

ρci

1 + ρci
, sX

ci =
qX

ci

qci
=

1
1 + ρci

,

and the output-weighted average demand elasticity:

σ̄ci ≡ σi sD
ci + εi sX

ci =
σi ρci + εi

1 + ρci
. (19)

Propositions 1–2 are established under the assumption of sluggish wage adjustment: the local

wage wc does not respond instantaneously to trade cost changes.44

Proposition 1 (Robot adoption raises domestic market share) For any tradable industry i ∈ IT

with αi > 0:
d ln ρci

d ln Rc
> 0.

Proof. From equation (15), taking logs and differentiating (with τi and wc held fixed):

d ln ρci = (εi − σi) d ln pci. (20)

By taking log-differentials of the joint pricing–demand system from equation (5), holding τi

and wc fixed, we have the following relationships:

d ln pci = −
αi

1 − αi
d ln Rc +

αi

1 − αi
d ln qci.

44This is equivalent to conditioning on wc: all partial derivatives hold wc fixed.
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According to equation 14, with d ln τi = 0:

d ln qci = −σ̄ci d ln pci,

where σ̄ci is defined in equation (19). Substituting the demand differential into the pricing differ-

ential and solving:
d ln pci

d ln Rc
=
−αi/(1 − αi)

1 +
αi

1 − αi
σ̄ci

< 0, (21)

since αi > 0 and σ̄ci > 0. Robot adoption unambiguously lowers the equilibrium price: the direct

cost reduction (equation (6)) dominates the partial offset from rising output along the upward-

sloping MC curve.

Domestic sales rise proportionally more than export sales. Since d ln qD
ci = −σi d ln pci and

d ln qX
ci = −εi d ln pci, and d ln pci/d ln Rc < 0:

d ln qD
ci

d ln Rc
= −σi

d ln pci

d ln Rc
> −εi

d ln pci

d ln Rc
=

d ln qX
ci

d ln Rc
> 0,

where the strict inequality uses σi > εi (Assumption 1).

Combining equations (20) and (21), and using σi − εi > 0:

d ln ρci

d ln Rc
= (εi − σi)

d ln pci

d ln Rc
=

(σi − εi)
αi

1 − αi

1 +
αi

1 − αi
σ̄ci

> 0. (22)

Remark 1 Robots lower costs and prices. Because domestic demand is more elastic (σi > εi), the

price reduction raises domestic sales proportionally more than export sales. Regions with higher

Rc experience greater cost reductions across their automatable industries, and hence a larger shift

towards the domestic market.

Proposition 2 (Robot adoption buffers tradable employment) Under sluggish wage adjustment,

for each tradable industry i ∈ IT , rising trade costs reduce employment:
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d ln Lci

d ln τi
=

1
1 − αi

·
−εi/(1 + ρci)

1 +
αi

1 − αi
σ̄ci

< 0. (23)

Proof. The equilibrium is jointly determined by the pricing condition pci = µi MCci(qci) and the

demand equation (14). Taking log-differentials (holding wc fixed):

d ln pci =
αi

1 − αi
d ln qci, (24)

since MCci ∝ qαi/(1−αi)
ci (from equation (5)) and wc is fixed.

d ln qci = −
(
σi sD

ci + εi sX
ci
)

d ln pci − εi sX
ci d ln τi = −σ̄ci d ln pci −

εi

1 + ρci
d ln τi.

Substituting equation (24) into the above equation of demand differential:

d ln qci = −σ̄ci ·
αi

1 − αi
d ln qci −

εi

1 + ρci
d ln τi.

Solving for d ln qci/d ln τi:
d ln qci

d ln τi
=
−εi/(1 + ρci)

1 +
αi

1 − αi
σ̄ci

. (25)

From equation (4), ln Lci = 1
1−αi

[
ln qci − ln Ai − αi ln KR

ci
]
. Since KR

ci is fixed:

d ln Lci

d ln τi
=

1
1 − αi

d ln qci

d ln τi
,

which yields equation (23).

The denominator 1 + αi
1−αi

σ̄ci > 1 reflects the dampening effect of increasing marginal cost:

when trade costs rise, output falls, which lowers MC and price, partially stimulating domestic

demand and offsetting the export decline. When αi → 0 (no automation), the denominator ap-

proaches 1, recovering the constant-MC expression −εi/(1 + ρci).

Remark 2 At the region level, areas with higher Rc have higher ρci across tradable industries
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(Proposition 1), so a larger share of their output is sold domestically and is not exposed to τi.

Consequently, regional employment is less sensitive to trade cost increases.

Under Assumption 1 and sluggish wage adjustment, for each tradable industry i ∈ IT with

αi > 0, greater pre-existing robot adoption attenuates the negative effect of export slowdown on

employment:
d

dRc

(
d ln Lci

d ln τi

)
> 0.

Proof. From equation (23):

d ln Lci

d ln τi
=

−εi

(1 − αi)
(
1 + αi

1−αi
σ̄ci

)
(1 + ρci)

=
−εi

(1 − αi + αiσ̄ci)(1 + ρci)
.

Define Φci ≡ (1 − αi + αiσ̄ci)(1 + ρci). It suffices to show that Φci is increasing in Rc.

By Proposition 1, ρci is increasing in Rc. Both factors of Φci are increasing in ρci:

1. (1 + ρci) is trivially increasing in ρci.

2. σ̄ci = (σiρci + εi)/(1 + ρci) is increasing in ρci because under Assumption 1:

dσ̄ci

dρci
=

σi(1 + ρci) − (σiρci + εi)
(1 + ρci)2 =

σi − εi

(1 + ρci)2 > 0

Hence (1 − αi + αiσ̄ci) is also increasing in ρci.

Since both factors are increasing in ρci and ρci is increasing in Rc, Φci is increasing in Rc. Therefore

|d ln Lci/d ln τi| is decreasing in Rc, completing the proof.

Remark 3 The buffering operates through two reinforcing channels. First, the domestic-share

channel: higher Rc raises ρci, reducing the export-exposed share of output. Second, the marginal-

cost channel: higher ρci raises σ̄ci, which increases the dampening effect of the upward-sloping

MC curve. Both channels reduce the sensitivity of employment to trade shocks. The strength of

buffering varies across industries through αi (automation suitability) and (σi − εi) (the demand

elasticity gap).

75



B.7 Extension: Local Demand Spillovers to Non-Tradable In-

dustries

The baseline model treats non-tradable demand as exogenous. In this extension, we endogenise

local demand to capture income spillovers from the tradable sector.

Local demand spillover. Assume that the local demand shifter for non-tradable industries de-

pends on aggregate tradable output:

DN
ci = δi · Q

φ
cT , δi > 0, φ > 0, (26)

where QcT ≡
∑

j∈IT
qc j is total tradable output in region c.

Proposition 3 (Local demand spillovers to non-tradable industries) Under the local-demand spillover

and sluggish wage adjustment:

1. Export slowdown reduces non-tradable employment. For each i ∈ IN and j ∈ IT :

∂ ln qci

∂ ln τ j
= φ

∂ ln QcT

∂ ln τ j
< 0.

2. Robot adoption buffers non-tradable employment indirectly. Under Assumption 1, for each

i ∈ IN and j ∈ IT :
d

dRc

(
∂ ln qci

∂ ln τ j

)
> 0.

Proof. Part (1). Taking logs: ln qci = ln δi + φ ln QcT − σ
N
i ln pci. Since pci for non-tradables does

not depend on τ j under sluggish wages, ∂ ln qci/∂ ln τ j = φ ∂ ln QcT/∂ ln τ j. The sign follows from

Proposition 2, which implies ∂ ln QcT/∂ ln τ j < 0.

Part (2). From part (1), ∂ ln qci/∂ ln τ j = φ ∂ ln QcT/∂ ln τ j. By Proposition 2, d
dRc

(∂ ln QcT/∂ ln τ j) >

0. Since φ > 0, the result follows.

Remark 4 This result holds even if αi = 0 for all i ∈ IN . The buffering is entirely indirect: robots

stabilise tradable output and local income, thereby mitigating employment losses in non-tradable
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industries.
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