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Main Questions

How does automation (both in Mexico and the US) affect Mexico’s
labor markets?

Does automation in the US lower exports from Mexico to the US?

Does automation in Mexico destroy local jobs?
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Motivation

Research on the impacts of automation is focused on rich countries

Importance of considering exposure to automation both at home and
abroad (through trade)

Concerns about reshoring (the destruction of jobs in developing
countries that were originally offshored from high-income economies)
are rising, but evidence is scarce.

Limited understanding about the impacts of local adoption of robots
in developing countries
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Reshoring: lots of anecdotal evidence
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Reshoring: What’s the empirical evidence?

Around 4 percent of companies in selected European economies have
moved part of their activities back home between 2010 and 2012
(Dachs and Zanker, 2014).

However, the extent of new offshoring processes continues to be
substantially more important than that of reshoring

De Backer et al. (2016): Evidence is inconclusive

The share of imports from lower-income countries in total domestic
demand of high-income OECD countries is increasing over time.

In Europe, employment of MNEs has not been shifting back home,
although more recent data suggest the opposite (De Backer, 2018).

MNE affiliates at the home location grow faster than other MNE
affiliates. However, this could reflect other phenomena such as
unobserved firm or country shocks.
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Reshoring and Automation: What’s the evidence?

Artuc et al. (2018) find that greater robot intensity in own
production leads to: (i) a rise in imports sourced from less developed
countries in the same industry; and (ii) an even stronger increase in
exports to those countries.

De Backer et al. (2018) : Evidence is inconclusive

Companies purchases of intermediate goods and services from foreign
providers in developing countries a proxy variable for offshoring are
not related to robot adoption between 2000 and 2014.

MNE are no more likely to bring jobs and fixed assets back home in
developed countries that are automating more rapidly.

In contrast, Dachs et al. (2017) find that European firms adopting
digital manufacturing technologies (known as Industry 4.0) are
significantly more likely to reshore activities.
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Our findings: a preview

Negative (but small) impacts of robot adoption in the US on exports
per worker from Mexico to the US

An increase in one robot per thousand workers in the US - about twice
the increase observed between 2004-2014 - lowers exports per worker
growth from Mexico to the US by 6.7 percent.

Higher exposure to US automation did not affect wage employment,
nor manufacturing wage employment overall.

However, exposure to US automation reduced manufacturing wage
employment in areas where occupations were initially more susceptible
of being automated;

But it increased manufacturing wage employment in others.

We also find negative impacts of exposure to local automation on
local labor market outcomes.
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Our contribution

We investigate the impacts of domestic and foreign automation
simultaneously

Previous estimates may suffer from the typical omitted variable biases
that affect cross-country studies.

Our study overcomes this limitation by exploiting variation in exports
and exposure to automation across local labor markets, and using
instrumental variables to address the endogeneity of automation.

We provide new evidence on the impacts of reshoring and local
automation on developing economies

And the heterogeneous impacts across types of local labor markets and
workers
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Econometric Model and Data
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What’s an industrial robot?

Automatically controlled, reprogrammable, multipurpose manipulator
programmable in three or more axes, which may be either fixed in place or
mobile for use in industrial automation applications.

Common applications include:

Welding

Assembling

Dispensing

Handling

Processing
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Measuring exposure to US automation at the local level

Based on a Revealed Comparative Advantage (RCA) approach, we
construct the export-weighted average of the increase in the number of
robots per thousand workers by sector in the US over time:

robots RCAUS
m,2004,2014 =

I∑
i

ωm,i ,2004

[(
robotsUS2014,i

empUS2000,i

)
−

(
robotsUS2004,i

empUS2000,i

)]

Where robotsUS2014,i stands for the number of robots in industry i in the year

2014 in the US and empUS2000,i denote the number of workers in industry i
in the year 2014 in the US.

Each weight ωm,i ,2004 is the share of exports to the US from region m and
industry i in Mexico in 2004, on the total exports from region m to the US
in 2004.

This would give more weight to the automation of sectors where the
region has a revealed comparative advantage (RCA).
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Measuring exposure to local automation at the local level

1) Revealed Comparative Advantage (RCA) approach:

robots RCAMX
m,2011,2014 =

I∑
i

ωm,i,2004

 robotsMX
2014,i

empMX
2000,i

 −

 robotsMX
2011,i

empMX
2000,i



2) Employment-weighted (as in Acemoglu and Restrepo (2017))

robots empMX
m,2011,2014 =

I∑
i

µm,i,2004

 robotsMX
2014,i

empMX
2000,i

 −

 robotsMX
2011,i

empMX
2000,i



3) Employment and RCA-weighted

robots RCA empMX
m,2011,2014 =

I∑
i

µm,i,2004
exportsm,i,2004

exports2000, i,m

 robotsMX
2014,i

empMX
2000,i

 −

 robotsMX
2011,i

empMX
2000,i
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Exposure to US automation (2004-2014)
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Exposure to local automation (2011-2014)
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Impact of US automation on Mexican exports

We estimate the following equation using OLS:

4ln

(
exportsm,t
Empm,2000

)
=

= α + βUS robots RCAUS
m,t,t−τ + βMX robotsMX

m,t,t−τ + ΦX + εi ,t

The sign of βUS is not clear ex-ante:

More likely to be negative if robots in the US improve the competitiveness
of the US relative to Mexico’s

More likely to be positive if automation enhances US productivity and
consequently the demand for Mexican products
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Instrumental variables

We instrument exposure to US automation using exposure to European
automation:

robots RCAEU
m,2004,2014 =

I∑
i

ωm,i ,2004

[(
robotsEU2014,i

empEU2000,i

)
−

(
robotsEU2004,i

empEU2000,i

)]

And we instrument exposure to local automation using exposure to South
American automation:

robots RCASA
m,2004,2014 =

I∑
i

ωm,i ,2004

[(
robotsSA2014,i

empSA2000,i

)
−

(
robotsSA2004,i

empSA2000,i

)]
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Impact of US automation on Mexico’s local labor markets

Reduced-form specification:

4 (Emplm,t) = π + πUS robots RCAUS
m,t,t−τ + πMX robotsMX

m,t,t−τ + ΠX + ui,t

Impact of US automation through exports:

4 (Emplm,t) = θ + θUS
̂

4ln

(
exportsm,t
Empm,2000

)
+ θMX robotsMX

m,t,t−τ + ΘX + vi,t

Where
̂

4ln
(

exportsm,t

Empm,2000

)
is the predicted value from the first-stage equation:

4ln

(
exportsm,t
Empm,2000

)
= α+ βUS robots RCAUS

m,t,t−τ + βMX robotsMX
m,t,t−τ + ΦX + εi,t
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Data sources

Trade data: data on exports and imports by municipality, year,
destination and product come from the tax authority of Mexico, and
covers each municipality over the 2004-2014 period.

Automation data: Data on the stock of robots by country, year and
sector of economic activity comes from the International Federation
of Robotics (IFR).

Labor market indicators: tabulations from the 2000 and 2010
Census of Population and Housing and the 2015 Population Count to
obtain labor market indicators, as well as demographic characteristics
of the population at the municipal level. We use data on the number
of employees by sector of economic activity and municipality from the
1999 Economic Census to estimate the employment weights used to
construct the measure of exposure to local automation.
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Local labor market definition

The number of official metropolitan areas (around 60) in Mexico is
too low to obtain precise estimates of the impacts of automation.

We group municipalities into functional territories following Berdegue
et al. (2017)

This methodology allows to increase the sample of areas significantly

Using a combination of commuting flows and satellite night light data,
the authors group 2,446 municipalities into 1,534 functional territories.

These functional territories include large metropolitan areas such as
Mexico City, which contains 88 municipalities, but also small and
remote municipalities with no connections.

These functional territories seem to be consistent with the local labor
market assumption that local trade and technological shocks do not
spill-over to other areas through labor migration.

20 / 41



Other data

We use data from EUKLEMS on adoption of Information Technology
(IT) and Communication Technology (CT) by sector and time for the
US to estimate a measure of exposure of Mexican LLMs to such
technologies in the US, for a robustness test.

We use data on the degree of offshorability and routine task intensity
of Mexican occupations from Mahutga et al. (2018).

We use data the susceptibility of automation of occupations from
Artuc et al (2018), which we convert to the Mexican classification of
occupations using correspondence tables.

Data on fixed assets, machinery and value added per worker by LLM
come from the publicly available tabulates of the Mexican Economic
Censuses for 2003 and 2013.
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Descriptive statistics (1)

Stock of robots per 1,000 workers
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Descriptive statistics (2)

Exports from Mexico to the US, vs. Automation in the US, 2004-2014
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Descriptive statistics (3)

Automation in Mexico (2011-2014) vs. Automation in the US (2004-2014)
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Results: Impacts on Exports to the US
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OLS results: The impact of exposure to US robots on
exports to US

Controlling for exposure to domestic automation

The coefficient associated with the exposure to robots should be interpreted as the percent change in exports per worker growth

associated with an increase of one robot per thousand workers.
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IV results: First-stage equations
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IV results: Impacts of automation on exports to US
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IV results: Impacts of automation on exports by
destination
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IV results: Impacts of automation on exports by category
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IV results: Impacts of US automation on exports,
robustness checks

The results are robust to controlling for:

Imports from China

Exposure to US ICT investments

Domestic ICT

Share of offshorable jobs
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Results: Impacts on Labor Market Outcomes
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OLS results: Impacts of US automation on employment
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IV results: Impacts of US automation on employment, by
level of job replaceability

Exposure to US automation in areas with a higher share of replaceable
jobs, generates a larger decline in employment in the tradeable sector

However, there are no impacts on total employment

(1) (2)

OLS

tradable Manufacturing

robots RCAUS 0.108** 0.0988*
(0.0528) (0.0507)

robots RCAUS x Replaceability -0.261 -0.502***
(0.159) (0.184)

Replaceability -0.642** -0.144
(0.308) (0.112)

Domestic Robots -0.0341*** -0.0258***
(0.0104) (0.00742)

State Fixed Effects YES YES
Initial characteristics YES YES

Observations 1,384 1,294
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IV results: Impacts of domestic automation on employment

(1) (2) (3) (4) (5) (6)

Panel A: Wage Employment to Population Ratio

Domestic Robots (L-weighted) -0.0720*** -0.0792*** -0.0767*** -0.0394*** -0.0772*** -0.254***
(0.0268) (0.0173) (0.0195) (0.0133) (0.0163) (0.0552)

Panel B: Total Employment to Population Ratio

Domestic Robots (L-weighted) 0.0427 0.00733 0.0156 -0.00911 0.00545 0.0639
(0.0502) (0.0171) (0.0159) (0.0168) (0.0165) (0.0600)

Panel C: Informal Employment to Population Ratio

Domestic Robots (L-weighted) 0.157** 0.155*** 0.149*** 0.0783* 0.152*** 0.509***
(0.0692) (0.0465) (0.0534) (0.0457) (0.0465) (0.173)

Panel E: Log monthly wage

Domestic Robots (L-weighted) -0.179 -0.156 -0.181 -0.138 -0.141 -0.427
(0.300) (0.314) (0.363) (0.303) (0.276) (1.472)

Observations 1,443 1,443 1,429 1,443 1,440 1,443

US Automation YES YES YES YES YES YES
State Fixed Effects YES YES YES YES YES YES
Exports to US per worker, log change YES YES YES YES YES YES
Initial characteristics NO YES YES YES YES YES
Excludes highly exposed areas NO NO YES NO NO NO
Manufacturing Employment NO NO NO YES NO NO
Occupational structure NO NO NO NO YES NO
Excludes auto industry NO NO NO NO NO YES
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IV results: Labor market impacts, by skill

(1) (2) (3) (4) (5) (6)

Panel A. Wage Employment to Population Ratio

Less than highschool Highschool College

robots empMX -0.0522*** -0.0238** -0.181*** -0.127*** -0.0486 -0.0626
(0.0141) (0.0115) (0.0163) (0.0241) (0.0508) (0.0542)

Panel B. Informal to Total Employment Ratio

Less than highschool Highschool College

robots empMX 0.0869*** 0.0286 0.150*** 0.0972*** 0.0992** 0.0917**
(0.0232) (0.0206) (0.0310) (0.0251) (0.0396) (0.0388)

Log Monthly Wage

Less than highschool Highschool College

robots empMX -0.0826 -0.0497 0.139 0.147 0.105 0.158
(0.278) (0.253) (0.115) (0.107) (0.105) (0.135)

US Automation YES YES YES YES YES YES
State Fixed Effects YES YES YES YES YES YES
Initial characteristics YES YES YES YES YES YES
Manufacturing employment NO YES NO YES NO YES
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IV results: Labor market impacts, by gender

(1) (2) (3) (4) (5) (6)

Panel A: Men

Domestic Robots (L-weighted) -0.0958** -0.0937*** -0.0918*** -0.0443** -0.0914*** -0.274***
(0.0437) (0.0280) (0.0310) (0.0200) (0.0265) (0.0917)

Panel B: Women

Domestic Robots (L-weighted) -0.0475* -0.0650*** -0.0624*** -0.0359** -0.0634*** -0.234***
(0.0259) (0.0138) (0.0165) (0.0147) (0.0129) (0.0455)

Observations 1,443 1,443 1,429 1,443 1,440 1,443

US Automation YES YES YES YES YES YES
State Fixed Effects YES YES YES YES YES YES
Exports to US per worker, log change YES YES YES YES YES YES
Initial characteristics NO YES YES YES YES YES
Excludes highly exposed areas NO NO YES NO NO NO
Manufacturing Employment NO NO NO YES NO NO
Occupational structure NO NO NO NO YES NO
Excludes auto industry NO NO NO NO NO YES
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IV results: Labor market impacts, robustness checks
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IV results: Wage inequality impacts

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

50-10 ratio

Domestic Robots (L-weighted) 0.0214 0.0365 -0.120 0.495
(0.199) (0.217) (0.222) (1.393)

Observations 1,434 1,420 1,434 1,361

90-50 ratio

Domestic Robots (L-weighted) 0.524* 0.509* 0.415 2.550
(0.274) (0.300) (0.263) (1.797)

Observations 1,434 1,420 1,434 1,361

90-10 ratio

Domestic Robots (L-weighted) 0.546*** 0.545*** 0.294* 2.904***
(0.177) (0.147) (0.162) (0.599)

Observations 1,434 1,420 1,434 1,361

US automation YES YES YES YES
State Fixed Effects YES YES YES YES
Initial characteristics YES YES YES YES
Manufacturing employment NO NO YES NO
Excludes auto industry NO NO NO YES
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Conclusions

Our findings are consistent with some evidence of reshoring (or lower
pace of offshoring), as Mexican local labor markets more exposed to
automation in the US witnessed lower export growth than less
exposed areas

However, the impacts of reshoring (or decreased offshoring) on labor
market outcomes is negligible.

We also find negative impacts of local robot adoption on the labor
market outcomes of unskilled workers.
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Thanks!
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