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1 Introduction

Technology and trade are widely regarded the key forces shaping labor markets in the

industrial world over the past four decades (e.g. Autor et al. 2016; Baldwin 2019; Bryn-

jolfsson and McAfee 2014; Frey 2019; Frey and Osborne 2017). Computer-controlled

machines allow companies to automate routine tasks previously performed by middle-

income workers (Autor and Dorn, 2013). But computers also enable corporations to

coordinate production at distance, allowing them to tap into pools of cheap labor in

developing countries (Baldwin, 2016). While there have been efforts to disentangle the

labor market impacts of technology and trade in the United States (Autor et al., 2015),

the relative importance of globalization and automation in putting pressure on jobs and

wages in Europe remains poorly understood.

In this paper, we disentangle the effects of robots and Chinese import competition

on local labor markets in the United Kingdom. Specifically, we examine the impact of

industrial robots and exposure to Chinese imports across 352 local authority district

areas—which we refer to as “cities” throughout the paper—covering England, Scotland,

and Wales. For our analysis, we construct a measure of exposure to automation using

data from the International Federation of Robotics (IFR) on the uptake of robots across

18 industries and their respective baseline employment shares at the dawn of the robot

revolution. Thus, as in Acemoglu and Restrepo (2020), the variation in our measure

stems from the fact that there are various distributions of industrial employment across

cities, making some places more exposed to automation than others. In similar fashion,

we use industry trade data from the UN Comtrade database to capture cities exposure

to Chinese imports, where again the variation is in their distribution of industrial

employment.

A key concern with our empirical approach is that Chinese imports as well as the

adoption of robotics technology in a given UK industry might be related to other con-

founding variables affecting that industry or cities that have specialized in the produc-

tion of related goods. To alleviate such concerns, we use the industry-level penetration

of robots and Chinese imports in other European or high-income countries as instru-

ments for the exposure of UK industries. Doing so, we follow the approach of Acemoglu

and Restrepo (2020) to estimate the employment effects of robots in the UK, as well as

Autor, Dorn, and Hanson (2013, 2015) to estimate the impact of Chinese imports on

local labor markets. This strategy allows us to sharpen our focus on the heterogene-

ity that stems solely from industries where economic outcomes have been shaped by

Chinese imports and robot adoption in the industrial world. It also makes our findings

comparable to those of previous similar studies.

In our regression analysis, we find that both robots and Chinese imports are re-
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sponsible for significant job losses across UK cities. Our baseline estimate suggests

that one more robot installed per thousand workers in a given city led to a decrease in

its employment-to-population ratio by 1.18 percentage points relative to other areas,

which is significantly higher than previously reported estimates for the US (Acemoglu

and Restrepo, 2020). We attribute the relatively large negative employment effect to

the relatively small UK robot stock, which implies that robot adoption is subject to

diminishing returns in production, consistent with Graetz and Michaels (2018), showing

that the productivity effect of one additional robot declines as the robot stock expands.

Turning to our baseline estimate for the impact of Chinese import competition, we find

that an increase of $1,000 imports from China per worker reduced the employment-to-

population ratio by 0.78 percentage points on average. We note that this effect is of

similar magnitude to previous estimates for the US (Autor et al., 2015).

Our paper adds to two literatures. First, studies have documented differential im-

pacts of robots on jobs across countries. For example, while there is evidence that robots

have reduced employment in the United States (Acemoglu and Restrepo, 2020), and in

France (Acemoglu et al., 2020), employment losses in the German and Italian manufac-

turing sectors were offset by job creation in other sectors (Dauth et al., 2017; Dottori,

2020). Firm-level evidence from the Netherlands even suggests that robot adoption is

associated with faster employment growth (Bessen et al., 2020). More broadly, in a pi-

oneering study of seventeen countries, Graetz and Michaels (2018) find that robots had

no significant effect on total hours worked on average. One explanation for the differen-

tial impact of robots across countries is that technological change inevitably interacts

with different labor market institutions. For example, the relative strength of German

trade unions is likely to go some way toward explaining the differences between the US

and Germany, as Dauth et al. (2017) argue. Our findings, which are similar to previous

results for the US, speak to the notion that there are different varieties of capitalism

(Thelen, 2014), and that the US and the UK have similar institutions (Acemoglu and

Robinson, 2013), yielding similar labor market outcomes.1

Second, a series of papers examine how workers in the industrial world have adjusted

to the China’s integration into the global economy (e.g. Autor et al. 2013; Dauth et al.

2014; Autor et al. 2016), while a branch of this literature has focused on disentangling

the impacts of trade (e.g. the rise of China) and technology (e.g. the computer rev-

olution), which are roughly contemporaneous events. In particular, Autor, Dorn, and

Hanson (2015) show that local labor markets in the US, which were intensive in routine

tasks at the beginning of the investigated period, and thus susceptible to computer-

ization, experienced occupational polarization, but did not witness net employment

1In addition, Belloc et al. (2020) and Presidente (2020) study the impact of labor market institutions
in explaining differences in investment in automation technologies
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declines. In contrast, local labor markets that were exposed to Chinese imports saw

significant falls in employment, particularly in manufacturing and among non-college

workers. We find that UK cities experienced similar employment declines in response

to the rise of China. However, using robots instead of the routine employment share as

a more direct measure of exposure to automation technologies, we find that UK cities

that were exposed to the robot revolution also experienced large job losses.2

The remainder of this paper is structured as follows. Section 2 describes our data

sources. In section 3, we outline our empirical strategy and key findings. We also pro-

vide a battery of robustness checks. Finally, in section 4, we provide some conclusions.

2 Measurement and Data

2.1 Robots and adjusted penetration of robots

To measure robot exposure across local labor markets, we use industrial robots data

produced from the International Federation of Robotics (IFR), which is annual counts of

operational stock of robots at the country-industry level from 1993 onward. Industrial

robots are defined by the IFR (2014) as ‘automatically controlled, re-programmable,

and multipurpose’ machines that are autonomous (i.e. no human operators) and can

be adapted to perform various tasks flexibly. In other words, our data consists of mul-

tipurpose machines capable of handling a variety of tasks, such as assembly, packaging,

or welding. The robot counts are based on consolidated data provided by nearly all

industrial robot suppliers worldwide to the IFR.3 While this limits our capacity to inves-

tigate the impact of other potentially important software technologies and algorithms

on employment, it provides consistent and well defined information on investments in

automation technology as demonstrated by the existing literature (Frey et al., 2018;

Graetz and Michaels, 2018; Acemoglu and Restrepo, 2020).

Based on IFR’s industrial classification, within the manufacturing sector, we aggre-

gate the operational stock of robots in twelve industries: food and beverages; textiles

(including apparel); wood and furniture; paper and printing; plastic and chemicals;

minerals, glass, and ceramics; basic metals and metal products; industrial machinery;

electronics; automotive; other transport equipments; other manufacturing. We also

group the data in six broad industries for non-manufacturing industries: agriculture,

forestry, and fishing; mining; utilities; construction; education, research and develop-

2Foliano and Riley (2017) also examine the impact of Chinese imports on manufacturing employ-
ment in the UK. In contrast, we examine the impact of Chinese imports on total employment across
UK cities.

3However, if some countries, like Japan, have their own surveys or calculations of the operational
robot stock, the IFR uses those figures.
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Sources: IFR and EUKLEMS

Figure 1: Industrial robots in the UK and Europe, 1993-2015

ment; services. However, some robots are unspecified in the IFR dataset. Following

Acemoglu and Restrepo (2020), we assign unspecified robots to each industry in the

proportions that the remainder of the robot stock is allocated in each year.4

Figure 1 plots the trend of operational stock of robots per thousand workers for

the UK, Germany, and the average stock among Denmark, Finland, France, Italy, and

Sweden. The UK robot stock starts around 0.34 robots per thousand workers in 1993

and increases rapidly to 0.6 in 2007. Thereafter, it rises gradually to 0.66 robots per

thousand workers in 2015. We note that while there has been a secular increase in robot

adoption in the UK, it has been consistently 50 to 70 percent lower than the adoption

rates we observe in Denmark, Finland, France, Italy, and Sweden.

We next match the IFR data to the number of employees and gross output from

the EUKLEMS (see van Ark and Jäger, 2017) at the industry-country level. Based on

Acemoglu and Restrepo (2020), we construct the UK adjusted penetration of robots

(APR) at industry level during the period between 1993 and 2007 as follows5

4Similar to Acemoglu and Restrepo (2020), robots for Denmark between 1993-1996 are allocated
manually using the 1996 industry composition.

5Using the EUKLEMS dataset (November 2009 Release, updated March 2011), we can match most
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APRUK
i,(1993,2007) =

4RUK
i,(1993,2007)

LUK
i1990

− RUK
i1993

LUK
i1990

gUK
i,(1993,2007), (1)

where 4RUK
i,(1993,2007)is the change in number of robots in industry i between 1993 and

2007, RUK
i1993is the number of robots in industry i in 1993, gUK

i,(1993,2007)is the growth rate

of real gross output (2007=100) of industry i between 1993 and 2007, and LUK
i,1990is the

baseline employee level (per thousand workers) in industry i in 1990. The adjusted

term,
RUK

i1993

LUK
i1990

gUK
i,(1993,2007), accounts for the output expansion of industry i between 1993

and 2007. Both employees and gross output data are from the EUKLEMS.

There are concerns that robot adoption at the industry level could have been affected by

specific local demand shocks. To address this, we replace the UK robot penetration with

the average penetration in five other European countries: Denmark, Finland, France,

Italy, and Sweden (EU RO5). We focus on these five countries, which lead the UK in

terms of robot adoption, to exploit the variation coming from the world technological

frontier.6 We construct this average adjusted penetration of robots as follows

APRi,(1993,2007) =
1

5

∑
j∈EURO5

4Rj
i,(1993,2007)

Lj
i1990

− Rj
i1993

Lj
i1990

gji,(1993,2007)

 , (2)

where4Rj
i,(1993,2007)is the change in number of robots in industry i in country j be-

tween 1993 and 2007, Rj
i1993is the number of robots in industry i in country j in 1993,

gji,(1993,2007)is the growth rate of real gross output (2007=100) of industry i in country j

between 1993 and 2007, and Lj
i,1990is the baseline employee level (per thousand workers)

in industry i in country j in 1990. The relationship between two APR measures, UK

and EU RO5, is highly correlated (corr=0.87).

To further examine if the penetration of robots is related to other trade or technology

trends in industry level, Figure 2 shows how adjusted penetration of robots interacts

with other indicators across UK manufacturing industries, where most industrial robots

are installed. Those industry indicators include the change in Chinese imports, the

growth in the total capital stock, and the growth in the ICT capital stock. To ease the

comparison, for each industry, we normalize the indicator with the largest increase being

equal to one relative to others. We note that the industries that have adopted more

industrial robots differ from those industries affected more by Chinese imports, total

data to the 18 IFR industries. Since employees in furniture products are pooled with other manufac-
turing in the EUKLEMS, following the approach of Acemoglu and Restrepo (2020), we allocated 60%
of the employees in other manufacturing to the woods and furniture industry based on the share of
employees in furniture industry in the UK from detailed industry employment surveys.

6Note that Germany is excluded. As shown in Figure 1, Germany is far ahead of other European
countries that its trend in robot adoption could be less relevant for the UK. We also construct different
APRimeasures where we use Germany and EU RO5 or Germany, Spain, and EU RO5. The two
measures are positively and highly correlated with EU RO5 (corr=0.99 and 0.98 respectively).
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Note: This figure plots the adjusted penetration of robots between 1993 and 2007 as well as the change
in Chinese imports, the growth in the total capital stock, and the growth in the ICT capital stock for
12 manufacturing industries.

Figure 2: Adjusted penetration of robots, Change in Chinese imports , Growth in total
capital, and ICT capital across UK manufacturing industries, 1993-2007

capital or ICT technologies. This bolsters our presumption that the adoption of robotics

technology is largely unrelated to Chinese import competition or other technological

changes affecting UK industries.

2.2 Local labor market and robot exposure

Following Faggio and Overman (2014) and Becker et al. (2017), our analysis focuses

on 352 local authority district areas (prior to the April 2015 version) covering Eng-

land, Scotland, and Wales.7 We refer to these local authorities district areas as “cities”

throughout the paper. To elucidate the impact of robots on jobs, we take advantage

of the fact that there is substantial geographic variation in industry specialization,

meaning that the impact of robots will vary across cities: local economies that have

7The main disadvantage of local authorities as a measure of local labor markets is that they are
not an enclosed area to approximate to a local labor market. For example, the Greater London area
consists of 32 local authority districts (boroughs) where people work and reside at different boroughs.
Since the commuting pattern has kept changing, we merged boroughs based on NUTS 3 level (2003
version) to mitigate the gap between labor supply and demand in the local market. We exclude
Northern Ireland as its local market is geographically much closer to Ireland than other UK regions.
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specialized in industries where more industrial robots are installed should be differen-

tially affected by the uptake of robots across the UK economy. As we can not observe

the exact use of robots across cities, we measure the predicted exposure to robot by us-

ing shift-share method similar to Acemoglu and Restrepo (2020). Our measure of robot

exposure in a city combines the adjusted penetration of robots by industry nationally

with data on local industry employment, and is written as

ERUK
d,(1993,2007) =

∑
i∈I

l1991
di · APRUK

i,(1993,2007), (3)

where l1991
di is the share of industry i in total employment of city d in the start-of-period

1991, and APRUK
i,(1993,2007) is given in equation (1).

There are concerns that exposure to robots in a city may be correlated with un-

observed local labor demand shocks. To mitigate this potential endogenous issue, we

construct an instrumental variable for the UK exposure to robots, exploiting the vari-

ation in adoption of robots in five other European countries as well as the historical

distribution of industrial employment, as follows

EREURO5
d,(1993,2007) =

∑
i∈I

l1984
di · APRi,(1993,2007), (4)

where APRi,(1993,2007)is given in equation (2). In equation (4), we take the local employ-

ment shares in 1984, l1984
di , as the baseline to capture the historical industrial specializa-

tion of cities before industrial robots were in use.8 This also allows us to mitigate any

mechanical correlation related to changes in industry employment that are the result

of the anticipation of the introduction of industrial robots in the late 1980s.

The city-industry employee data are collected from the 1984 Census of Employment

employee analysis, the 1991 Annual Employment Survey employee analysis, and the

2001 and 2007 Annual Business Inquiry employee analysis. All these employment survey

data are integrated and provided by UK NOMIS: Business Register and Employment

Survey. These surveys record jobs (either full or part-time job) at the location of an

employee’s workplace with detailed industry classifications across cities, which we use

as our definition of employment.

2.3 Measuring the exposure to Chinese imports

Our main trade data source is the widely used UN Comtrade database, which provides

import and export data at the six-digit Harmonized System (HS) level across geogra-

phies and years. Due to lags in adopting the HS classification, trade data between

8The earliest UK employment share data at local authority district level is available from 1984.
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Sources: UN Comtrade

Figure 3: Total UK Imports, 1993-2018

the UK and China is only available from 1993 onward, and hence this is the first year

used for the UK and other high-income countries (as opposed to 1991). We begin by

mapping the commodities in the Comtrade database to three-digit SIC industries, using

the HS1992-SIC crosswalk provided by Autor et al. (2013). Thereafter, we aggregate

the SIC manufacturing industries to their 12 IFR manufacturing counterparts to have

a measure that is comparable to our robot exposure variable.

Figure 3 shows the share of UK imports from key countries between 1993 and 2018.

In the 1990s, goods and services from China only accounted for 1 percent of total UK

imports. After China joined World Trade Organization (WTO) in 2001, the share

increased rapidly, reaching around 8 percent in 2007. Over the same period, German

imports remained flat, while the share of imports from other important markets like

the US, Japan, and South Korea declined. In other words, the main story in the UK,

in terms of shifts in import competition, has been the rise of China.

Following Autor et al. (2013), our main measure of exposure to Chinese import

competition is the change in per thousand US dollar Chinese imports per worker in a

city, where imports are allocated by city’s share of national industry employment as

follows
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IPWChina−UK
d,(1993,2007) =

∑
i∈I

LUK
id1991

LUK
i1991

4MChina−UK
i,(1993,2007)

LUK
d1991

, (5)

where 4MChina−UK
i,(1993,2007) is the observed change in UK imports per thousand US dollars

(2007=100) from China in industry i between 1993 and 2007, LUK
d1991 is total employees

in city d in 1991 and
LUK
id1991

LUK
i1991

is city d’s share of national employees of industry i.

As there are concerns that UK employment and imports from China may be posi-

tively correlated with unobserved product demand shocks such as strong competitive-

ness of Chinese products or lower trade barriers between UK and China, we construct

an instrumental variable to account for the potential endogeneity of the exposure to

Chinese imports. Consistent with the empirical strategy employed by Autor et al.

(2013) to identify the supply-driven component of imports from China, we instrument

for the growth of Chinese imports in the UK using the historical industrial compo-

sition and growth of Chinese imports in eight other high-income countries including

Australia, Denmark, Finland, Germany, Japan, New Zealand, Spain, and Switzerland,

which may experience the rising Chinese imports competition during the same period.9

The instrumental variable is defined as

IPWChina−other
d,(1993,2007) =

∑
i∈I

LUK
id1984

LUK
i1984

4MChina−other
i,(1993,2007)

LUK
d1984

, (6)

where 4MChina−other
i,(1993,2007) is the observed change in the sum of other countries imports per

thousand US dollars (2007=100) from China in industry i during the period between

1993 and 2007. We also replace the start-of-period employment level by industry and

city with those from the prior decade to mitigate potential simultaneity bias, which

may be the result from anticipated trade growth.10 The two measures of exposure to

Chinese imports, in the UK and eight other high-income countries, are highly correlated

(corr=0.776, weighted by city population in 1991). The employee datasets used for our

exposure to robots measure are also used to construct our exposure to Chinese imports

variable.

2.4 Other control variables

In addition, we use the 1981 and 1991 Census collected from UK NOMIS and Scotland’s

Census to construct further demographic variables for each city.11 These variables in-

9We also create an alternative measure after the European countries are excluded. The two measures
are positively and highly correlated (corr=0.998, weighted by city population in 1991).

10Note that the earliest industry employee data is from 1984.
112007 population data is collected from NOMIS: Population Estimates/Projections, which is based

on the UK Census. Also, we map Scotland’s local authorities in 1981 and 1991 version to the April
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clude the log of population, the male population share, the foreign born population

share, as well as the shares of Whites, Blacks, and Asians. We also include the share of

the population with age above 65 years and the share of the population with a higher

degree qualification.12 As the pre-existing industrial structure could have confounding

effects on the local labor market, we further include a set of city level industrial variables

to ensure that the exposure variables do not work as proxies for other trends associated

with the change in employment. For example, Chinese import competition has propor-

tionally large impacts on light manufacturing industries which are easy to outsource.

These industrial variables are collected from the UK Business Register and Employment

Survey in 1984 and 1991, and include the share of employment in light manufacturing,

mining, and construction, and the share of female workers in manufacturing.13 Finally,

we control for the share of routine employment which could also affect the change in

employment during this period. Following Jaimovich and Siu (2020), we define routine

jobs as those occupations in administrative and secretarial, skilled trades, sales and

customer service, process, plant and machine operatives, and elementary category.14

Table 1 provides some descriptive statistics indicating how cities with high and low

exposure to robots or imports from China have different labor market characteristics.

Columns 2–5 and 6-9 present the mean for outcomes and control variables by quartiles

of exposure to robots and Chinese imports respectively. Notably, for both measures,

more exposed cities experienced more negative trends in employment between 1991 and

2007. Also, in terms of the control variables used in the main specifications, we note

that only the share of light manufacturing employment, the share of female workers

in manufacturing, and the share of employment in routine jobs, show economically

significant differences between high- and low-exposure cities.

We further note that there is substantial variation in exposure to robots and Chinese

imports across UK cities. Panel A of Figure 4 presents the spatial distribution of

exposure to robots between 1993 and 2007 from equation (3). We find the exposure to

robots is less than 0.5 robots per thousand workers in most cities, while in some regions,

including parts of North West, West Midland, and East of England, it ranges between

2 and 6 robots per thousand workers. Not surprisingly, some of most exposed cities are

specialized in automotive industries, such as Coventry or Solihull. Finally, Panel B of

Figure 4 highlights the distribution of exposure to Chinese imports competition between

1993 and 2007 from equation (5). North East, North West, West Midland, and Wales

2015 version.
12In the 1991 Census, a qualification is defined as having a higher degree or diploma. Data is from

the Local Base Statistics 10% sample, and restricted to the population aged 18 and above.
13Foods, textiles, and paper and printing are classified as light manufacturing.
14In UK the 1991 Census, occupational employment is collected from Local Base Statistics 10%

sample, aged 16 and over. The routine occupations include clerical and secretarial, craft and related,
sales, plant and machine operatives, and other elementary occupations.
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are the regions most exposed to import competition from China. We note that Wales

and South West have considerable exposure to Chinese imports, but limited exposure to

robots. We next turn to exploring how this variation has shaped employment patterns

in the UK.

3 Empirical Strategy

In this section, we present our reduced-form regressions and IV results, estimating the

impact of robots and Chinese imports on jobs across UK cities.

3.1 OLS estimates

Equation (7) below is our reduced-form ordinary least squares (OLS) specification to

estimate the impacts of robots and trade on cities over the period 1991 to 2007

Yd(1993,2007) = α + β1ER
UK
d(1993,2007) + β2IPW

China−UK
d(1993,2007) +Xd1991β3 + δr + ed, (7)

where the outcome variable Yd(1993,2007) is the change in employment-to-population ratio

between 1991 and 2007 in city d. The main variables of interest are ERUK
d(1993,2007)and

IPWChina−UK
d(1993,2007), which correspond to the exposure to robots and Chinese imports de-

fined in equation (3) and (5), respectively. Also included are a vector of UK NUTS2

regional dummies, δr, that account for differential time-invariant characteristics across

regions, and a vector of control variables, Xd1991, measuring demographics and indus-

try structures in each city in 1991. The identifying assumption is that cities where

industries have kept up with significant improvements in robotics technologies are not

experiencing other shocks or trends affecting their labor markets. We examine potential

threats to the validity of this identification strategy and report IV specifications later

in section 3.2.

Following the strategy outlined above, Table 2 presents results from estimating

equation (7) with a long-differences OLS specification during the period between 1991

and 2007. Our analysis ends in 2007 to prevent potential bias from the confounding

effects of the Great Recession and later uncertainty surrounding Brexit.15 Also, the

baseline specifications are weighted by city’s population in 1991 to account for the

variation of market size as well as reported standard errors that are robust clustered

by NUTS3 level.

15Similar to Acemoglu and Restrepo (2020), we rescale the outcome variables to a 14-year equivalent
change to match the time period of exposure to robots and Chinese imports. The long-differences of
outcome variables are constructed as (y2007 − y2001) + 0.8× (y2001 − y1991).
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Panel A. Exposure to Robots

Panel B. Exposure to Chinese Imports

Sources: UK NOMIS
Note: The maps show the spatial distribution of exposure to robots (Panel A) and the exposure to
Chinese imports during the period between 1993 and 2007 (Panel B) across UK cities. The population-
weighted correlation (population in 1991) between exposure to robots and the exposure to Chinese
imports is 0.053.

Figure 4: Geographic Distribution of Exposure to Robots and Chinese Imports, 1993-
2007
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In column 1-3, besides EU NUTS2 regional fixed effects, we control for the full set

of demographic characteristics, described in section 2.4, in 1991. While the estimate of

the impact of exposure to robots on local employment is insignificant (column 3), there

is a strong negative relationship between exposure to Chinese imports and employment

changes in a city with a coefficient of -0.53 (standard error = 0.208). This estimate

implies that an increase of $1,000 imports from China per worker (in 2007 US dollars)

in a given city reduces its employment-to-population ratio by 0.53 percentage points.

In column 4-6, we control for the industrial structure by including the shares of em-

ployment in light manufacturing, mining, and construction, the share of female workers

in manufacturing and the share employment in routine occupations.16 Once we account

for these industry characteristics, the magnitude of the impact of robots on employment-

to-population ratio increases but remains insignificant. On the other hand, though the

inclusion of these covariates reduce the magnitude of the impact of Chinese imports

in column 5 and 6, the estimates remain negative and significant. The coefficient of

exposure to robots, in column 6, indicates that an increase of one robot per thousand

workers reduces the employment-to-population ratio by 0.34 percentage points, but is

still insignificant. The estimate of Chinese imports implies that an increase of $1,000

imports from China per worker (in 2007 US dollars) in a given city leads to a 0.48

percentage points decrease in the employment-to-population ratio.

Finally, in column 7, to ensure that our results are not driven by a few highly

exposed cities, we re-estimate the specification in column 6 after the top one percent

cities with the greatest exposure to either robots or Chinese imports are excluded. As

these highly exposed cities having relatively larger positive change in employment-to-

population ratio than less exposed ones, estimated coefficients for both industrial robots

and Chinese imports are negative and significant with larger magnitude after excluding

those exposed cities. This suggests that the negative relationship between exposure to

robots or Chinese imports are not due to these highly exposed cities.

3.2 IV estimates

Following our baseline regressions outlined above, we estimate equation (8) using two-

stage least squares (2SLS) with our robots variable instrumented by a city’s historical

industry structures and robot adoption in five other European countries, EREUR05
d(1993,2007),

and the Chinese imports variable instrumented by contemporaneous changes in imports

from China to eight other high-income countries, IPWChina−Other
d(1993,2007) . The 2SLS specifi-

16Since employment in light manufacturing, which uses fewer industrial robots in production, but
still has experienced a sharp decline in employment and value added, is highly positive correlated with
manufacturing, we use only the share of employment in light manufacturing to avoid issues of over
controlling.
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cation also includes a set of start-of-period control variables and regional fixed effects

as in equation (7). As pointed out by Acemoglu and Restrepo (2020), the identify-

ing assumption behind these models not only requires that a local labor market with

higher exposure to robots or Chinese imports are not experiencing differential labor

market trends for other reasons, but also that the baseline industry shares in 1984 are

exogenous.

Yd(1993,2007) = α + β1ER
EURO5
d(1993,2007) + β2IPW

China−Other
d(1993,2007) +Xd1991β3 + δr + ed, (8)

Figure 5 depicts the first-stage relationship, presenting the UK exposure to robots

and Chinese imports at the city-level against exposures computed using EU RO5 and

eight other high-income countries respectively. The solid line in this residual plot shows

the regression relationship with control variables used in column 6 of Table 2, while the

dashed line presents the same regression estimates after the top one percent of cities

with highest exposure to robots or Chinese imports are excluded. It shows that there is a

high correlation between the robot adoption by UK and European industries (coefficient

=0.389, standard error = 0.067) as well as a strong relationship between Chinese import

competition in the UK and other high-income countries (coefficient =0.170, standard

error = 0.014).

Table 3 presents our IV estimates in equation (8) and also reports the Cragg-Donald

Wald F statistic. As we have two endogenous regressors, the F statistic suggests that

the specifications are not weakly identified. To be in line with our OLS estimates

reported in Table 2 , the specifications in column 1-7 are population-weighted at the

start-of-period. In all specifications, the results from our 2SLS estimates share the same

pattern as our OLS regressions, and reassuringly, the coefficients are larger. Indeed, the

larger magnitudes of our 2SLS coefficients indicate that OLS results could be underesti-

mated driven by unobserved UK product or labor demand shocks, which cause positive

covariation between industry employment and robot installation or trade competition.

As OLS results could understate the true impact of robots and Chinese imports on

employment, we use IV estimates to evaluate the effects of one additional robot per

thousand workers on local labor market. The estimate of exposure to robots in column

6, for example, indicates that the increase of one more robot per thousand workers in

a city leads to the reduction in its employment-to-population ratio by 1.18 percentage

points relative to other areas. In other words, the adoption of one additional robot per

thousand workers between 1993 and 2007 is equivalent to an increase of 0.56 robots

per thousand people during the period between 1991 and 2007.17 Consequently, the

17To have a comparable employment-population ratio to the US, we calculate the UK private

17



Notes: The figure presents the relationship between UK exposure to robots and exposure from EU RO5 for 1993-2007
as well as UK exposure to Chinese imports and exposure from eight other high-income countries for 1993-2007 after
partialling out the covariates used in column 6 of Table 2. Marker size indicates the city population in 1991.

Figure 5: First-Stage Relationship
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estimate implies that an increase of one robot leads to a 1.18 percentage points lower

employment-to-population ratio, which is equivalent to a decrease in employment by

21 (≈ 0.0118/(0.56/1000)) workers in the average UK city. The impact of robots on

local labor markets in the UK is dramatically larger than in US, where Acemoglu and

Restrepo (2020) estimate that one robot replaces 6 workers locally. This speaks to

the fact that the robot intensity of production in the UK is much lower, and that the

productivity impact of each added robot diminishes as the robot stock expands, as

shown by Graetz and Michaels (2018). Put differently, because there are much fewer

robots in use in the UK in this period, relative to the US, this leads to a higher unit

displacement effect. To be sure, a higher productivity effect should help offset the

displacement effect, at least in part (Acemoglu and Restrepo, 2018). However, while

the displacement effect is local, the productivity effect is more dispersed and thus not

fully captured in our local employment estimates.

Turning to Chinese imports, column 6 indicates that an increase of $1,000 imports

from China per worker leads to a decrease in the employment-to-population ratio by

0.78 percentage points in the average UK city. This is in line with the impact of Chinese

import competition in US local labor markets, where a $1000 rise in a city’s imports

per worker from China reduces the employment-to-population ratio by 0.83 percentage

points (Autor et al., 2015). The increase of a $1,000 imports per worker between 1993

and 2007 is equivalent to an increase of $560 per person during the period 1991 to 2007.

Thus, a $1000 rise in imports from China per worker is equivalent to a reduction in

employment by 4.4 (≈ 0.0078*560) workers. Considering the estimates include both

direct and indirect displacement effects resulting from the job loses and a decline in

wage income, this sizable magnitude is not implausible for a highly exposed city.

3.3 Pre-trends

In the previous sections, we have dealt with the potential threats of unobserved lo-

cal demand or other technologies shocks and pre-existing geographical trends to the

identifying assumptions behind our estimates. However, we have not directly investi-

gated whether the exposure to robots just picks up the variation of pre-exiting industry

trends where industries may have faced the employment declines before the adoption

of robotics technology. We address this by regressing the change in employment-to-

population ratio between 1984 and 1991, when industrial robots were rare and China

was not yet integrated into the global economy, on exposure variables as well as by

controlling for other trends at the industry-city level.

employment-to-population ratio, based on the Bank of England’s “A Millennium of Macroeconomic
Data”, which is 0.56. This is the product of the share of private employment (0.8) and employment
rate (0.7) in 1991.
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In Panel A of Table 4, we investigate the relationship between exposure to robots

as well as Chinese imports and the long-difference in employment-to-population ratio

during the period between 1984 and 1991.18 In column 1-3, we present our OLS re-

sults. Our 2SLS results are presented in column 4-6. In columns 2 and 5, the baseline

specifications demonstrate that both measurements for robot penetration and Chinese

import competition are statistically insignificant, indicating there are no significant pre-

existing industry trends associated with our exposure variables. In column 3 and 6, we

exclude the highly exposed cities and the results remain similar.

Following Acemoglu and Restrepo (2020), to control for the confounding industry

trends, we construct a Bartik-style measure of exposure to industry employment trends

between 1984 and 1991. Similar to the measure of exposure to robots in equation (3),

we interact log change in national industrial employment between 1984 and 1991 for 18

IFR industries with the industrial employment share in 1984 in each city. Panel B of

Table 4 presents both OLS and 2SLS estimates that control for this predicted industry

employment trends. The results show that while the coefficients of this Bartik industry

variable, designed to capture potential industry trends, are significantly negative in all

specifications, the estimates for exposure to either robots or Chinese imports remain

unaffected comparing to those in Table 2 and 3. These results suggest that the exposure

to robots and Chinese import competition do not work as proxies for industries with

declining employment.

In Panel C of Table 4, we control for the change in employment-to-population ratio

between 1984 and 1991 on the right-hand side in equation (7) and (8). The results

show that there is little impact on our estimates in general compared to those in Table

2 and 3.

3.4 Effects by industry

As shown in Figure 2, the automotive has been the leading industry in the robot

adoption between 1993 and 2007. This raises the concern that our estimates may

be confounded with other changes affecting this particular industry. To address this

concern, in Table 5 our exposure to robots is split into two variables which both are

included on the right hand side in equation (7) and(8). The first measures the robot

adoption in the automotive industry, while the other captures the penetration of robots

across all other industries. Column 1-2 of Table 5 present our long-differences OLS

results of the change in employment-to-population ratio. In column 3-4, we show the

2SLS specifications. In column 2 and 4, we exclude highly-exposed cities. OLS and 2SLS

18Recall that 1984 is the earliest year where we can collect sufficient industry employment data
across cities
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Long Differences 1991-2007

OLS 2SLS

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

Exposure to robots in automotive -0.329 -1.164 -0.621 -1.225

(0.475) (0.738) (0.453) (0.908)

Exposure to robots in other industries -8.173* -7.711* -17.257** -14.916*

(4.416) (4.622) (8.202) (7.717)

Exposure to Chinese imports -0.547** -0.534** -0.955*** -0.887***

(0.212) (0.220) (0.318) (0.315)

Observations

R-squared 352 344 352 344

Covariates: 0.425 0.434 0.246 0.239

Regional FE ! ! ! !

Baseline controls ! ! ! !

Excludes top 1% exposure cities ! !
Notes: This table presents the employment impact of robots for the automotive industry and remaining industries,
separately, as well as the employment effects of Chinese imports. The outcome variable is the change in employment-
to-population ratio between 1991 and 2007. Column 1-4 present regressions weighted by population in 1991. Column 2
and 4 present results of specification after the top one percent of cities with the highest exposure to robots and Chinese
import competition are excluded. In addition to NUTS2 regional fixed effects, our baseline control variables include
demographic and industry characteristics of cities in 1991 used in column 6 of Table 3. Statistical significance is based
on standard robust errors clustered in NUTS3 is denoted by: *** p<0.01, ** p<0.05, * p<0.10.

Table 5: The Role of the Automotive Industry

estimates show that the effects of both robot exposure variables are negative. However,

the impact of robots on local employment in the auto industry is less economically and

statistically significant relative to industrial robots in other industries. Notably, the

estimates of exposure to Chinese import competition remain negative and statistically

significant with similar magnitudes comparing to Table 2 and 3. These results are

reassuring, not only because they suggest that the effects are not driven mainly by

the automotive industry, but also because they show that exposure to other industrial

robots have a much stronger and persistent impacts on local labor markets in the UK.

We next try to disentangle the impact of exposure to robots and Chinese import

competition on employment in different industries. Figure 6 shows point estimates

with 95 percent confidence intervals for the 2SLS specification analogous to column 6

of Table 3. It reveals that robots have significant and negative effects on manufacturing

employment, especially in highly exposed manufacturing industries including automo-

tive, plastics and chemicals, basic metals and metal products, electronics, and food

and beverages. In contrast, the impact is positive but not significant on the remaining

manufacturing industries. On the other hand, Chinese imports have a significant and

negative impact on all types of manufacturing industries. We note that both robots

and Chinese imports have no effects on employment in agriculture, construction, and

services industries.
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Figure 6: The Effect of Robots and Chinese imports on Industries
Notes: The figure presents estimates of the impact of exposure to robots and China imports on the change in employment-
to-population ratios by industry between 1991 and 2007 analogous to column 6 of Table 3. The capped lines show 95%
confidence intervals.
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3.5 The impact of capital deepening and other technologies

We turn to investigating to what extent that the impacts of exposure to robots and

Chinese imports on jobs will be affected after controlling for the effect of capital, ICT

technology, and value added. Table 6 reports 2SLS long-differences specifications of the

change in employment-to-population ratio. In column 1-2, we control for a Bartik-style

measure of the log change in total capital stock across industries between 1993 and

2007 similar to the measure of exposure to industry employment trends constructed

in Section 3.3. In column 3-4, we control for a Bartik measure of the log change in

ICT capital between 1993 and 2007. Finally, in column 5-6, we control for a similar

Bartik measure of the log change in value added by industry between 1993 and 2007.

The data of total capital stock, ICT capital, and value added are collected from the

EUKLEMS. The inclusion of these variables has very limited effects on our estimates of

exposure to robots. However, the estimates of exposure to Chinese import competition

are less precise, but remain negative. The results support the theoretical prediction

from Acemoglu and Restrepo (2020) that the impact of automation on local labor

market is conceptually different from overall productivity increases, capital deepening,

and ICT technological changes. The relatively weak effect of Chinese imports speaks

to the finding that while robots have negative spillovers to service industries, Chinese

imports can favor local employment growth outside of manufacturing (Faber et al.,

2019).

4 Conclusions

Technology and trade are widely regarded two of the prime forces shaping labor markets

across the industrial world. Robots have been put into widespread use over the past

three decades, and they are expected to spread even more rapidly in the decades to

come (BCG, 2015). However, despite the recent acceleration in robot penetration,

the impacts of automation on jobs are still being debated (Autor, 2015; Bessen, 2015;

Frey, 2019; Ford, 2015). For example, in the US context, it has been suggested that

automation merely has led to job polarization, while import competition from China

has been the more important driver of unemployment and non-employment (Autor

et al., 2015).

In this paper, we disentangle the impacts of technology and trade on local labor

markets in the United Kingdom. Specifically, we estimate the impact of industrial

robots and Chinese imports on employment in UK cities between 1991 and 2007. Our

findings show that both forces have shaped how cities across England, Scotland, and

Wales have fared in recent decades. Specifically, we find compelling evidence that
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robots and Chinese imports have reduced the employment-to-population ratio in local

labor markets across the UK. We note that while robotization is largely uncorrelated

with local labor market exposure to trade competition from China, they have affected

employment in similar ways.

Due to relatively small operational stock of robots in the UK economy, the impact

of robots on the number of jobs losses has been limited so far. But the spread of

robots, software, and AI is widely expected to accelerate in the next decades (e.g.

Brynjolfsson and McAfee, 2014; Frey and Osborne, 2017; Ford, 2015), which could

make the impact more sizable. In addition, it has been argued that technologies like

telepresence and telerobotics will usher another wave of offshoring (Baldwin, 2016).

Thus, going forward, the effects of globalization and automation on employment are

expected to grow stronger in the industrial world.

Even so, there is no reason to think that the impacts of trade and technology on

jobs must be uniform over time and space. We already see that this is not the case.

For example, while both robots and Chinese imports have reduced employment in the

US, results for the German economy differ quite substantially: Chinese imports only

had negligible job displacement effects and manufacturing job losses due to robots were

offset by gains in other sectors (Dauth et al., 2014, 2017). Meanwhile, in France, robots

as well as Chinese imports are shown to have reduced employment (Acemoglu et al.,

2020; Malgouyres, 2017), and in Norway, the impacts of Chinese imports on jobs and

wages have been negative and significant, but the effects are much smaller compared to

those observed in the US (Balsvik et al., 2015). We add to this literature by showing

that the employment impacts of robots and Chinese imports in the UK are similar to

the effects observed in the US. Our findings speak to the notion that the institutions

of Anglo-American capitalism yield similar labor market outcomes, which might help

explain why wage inequality in the UK and the US has grown particularly rapidly

since the 1980s. The interaction between automation, globalization and institutions in

shaping labor market outcomes is a line of inquiry that deserves further attention.
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van Ark, B. and Jäger, K. (2017). Recent trends in europe’s output and productiv-

ity growth performance at the sector level, 2002-2015. International Productivity

Monitor , 33, 8–23.

30


