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Industrial Robots
I

This lecture: investigate the effects of industrial robots on employment and
wages across industries and local labor markets.

I

The International Federation of Robotics—IFR for short—defines an industrial
robot as “an automatically controlled, reprogrammable, and multipurpose
[machine]” (IFR, 2014).

I

They have been spreading in the labor markets of several advanced economies
(most notably in Germany, Japan and Korea, but also in the United States).

I

IFR estimates that there are currently between 1.5 and 1.75 million industrial
robots in operation. The automotive industry employs 39 percent of existing
industrial robots, followed by the electronics industry (19 percent), metal
products (9 percent), and the plastic and chemicals industry (9 percent).
Many argue that they will transform work:

I

I

I

“Coming soon to assembly lines, warehouses, and hallways near you.”
Brynjolfsson and McAfee (2014)
“The future has lots of robots and few jobs for humans.” Martin Ford (2015)

Robot Trends

What Do We Know about the Impact of Robots?

I

Our existing knowledge mostly relies on “feasibility studies” such as Frey and
Osborne (2013), Arntz, Gregory, and Zierahn (2016), McKinsey (2016) and
World Bank (2016), which study how feasible it is to automate some tasks
(using robots and other technologies) based on estimates of task content and
current presumed technological knowledge.

I

But these studies take into account neither the incentives of firms to use (or
not use) these technologies nor how as a result employment may expand in
other tasks and industries.

I

Put differently, we need estimates of the equilibrium impact of robots.

I

This is the objective of our paper.

Theory
I

Simple task-based framework of the effect automation/robots based on
Acemoglu and Autor (2011) and Acemoglu and Restrepo (2016).

I

Effect of these new technologies can be to reduce wages and employment.

I

We derive a key result on which our estimation strategy will be built:

Change in employment

c

=

controls +β E exposure to robotsc

Change in wage

c

=

controls +β W exposure to robotsc

where, denoting local labor market (commuting zones) by c and industry by i:
exposure to robotsc =

X

robot penetration industryi × baseline industry shareic ,

i

and commuting zones are our approximations to local labor markets.

“Exogenous” Variation
I

Instrument exposure to robots in a commuting zone in the United States by
exposure to robotsc =

X

robot penetration industryi × base industry shareic ,

i

where robot penetration industryi is the penetration of robots in industry i in
other advanced economies (or other estimates of the world frontier).
I

Similar to Autor, Dorn and Hanson’s (2015) strategy in estimating the effect
of trade with China.

I

Not a panacea against all omitted variable biases, but a good source of
variation when changes in US industries could be due to idiosyncratic factors.

I

Check validity with controls for a rich set of competing trends and placebo
exercises.

I

Using this strategy, we find robust negative effects on employment and wages.
To be discussed...

Related Literature

I

Our work is related to the empirical literature on the effects of technology on:
1. wage inequality (Katz and Murphy, 1992),
2. employment polarization (Autor, Levy and Murnane, 2003; Goos and Manning,
2007; Autor and Dorn, 2013; Michaels, Natraj and Van Reenen, 2014),
3. and aggregate employment (Autor, Dorn and Hanson, 2015; Gregory, Salomons
and Zierahn, 2016).

I

Graetz and Michaels (2015) investigate the industry-level impact of robots,
and find large productivity gains from their adoptions with some negative
impact on low-skill employment.

I

Green Leigh and Kraft (2015) document the location of robot integrators in
the US.

Tasks and Production

I
I

We start with a model without trade.
Several commuting zones indexed by the subscript c ∈ C.

I

Each commuting zone produces a final good Yc by combining the output of
several industries, Yci , which we index by the subscript i ∈ I.

I

The production technology for the final good Yc takes the form:
Yc =

X

σ−1
σ

υ i Yci

σ
! σ−1

with σ the elasticity of substitution

i∈I
I

υ i is a share parameter designating the importance of industry i in commuting
zone c.

Tasks and Production
I

Each industry combines a continuum of tasks s ∈ [0, 1].

I

We denote by xci (s) the quantity of task s utilized in industry i. These tasks
must be combined in fixed proportions:

α
Xci = α−α (1 − α)α−1 Aci min {xci (s)} Kci1−α ,
s∈[0,1]

where Aci designates the productivity of industry i.
I

In industry i tasks [0, θi ] can be performed by robots, Mci (s); while the
remaining tasks must be produced with labor, Lci (s):

γ M Mci (s) + γ L Lci (s) if s ≤ θi
xci (s) =
γ L Lci (s)
if s > θi ,

I

One robot can replace γ = γ M /γ L workers.

I

Let RcM denote the price of robot services and Wc the wage in commuting
zone c.

I

πc = 1 −

RcM
γWc

denotes cost-saving gains from using robots rather than labor.

Supplies and Market Clearing
I

Supply of labor
max

Cc ,Lc
I

B 1+ε
Cc1−ψ − 1
−
L
1−ψ
1+ε c

Supply of robot services
1

Mc = D(1 + η)Ic1+η , with Ic = investment in units of final good
I

Capital Kc supplied at price RcK

I

Market clearing requires
XZ
lci (s)ds =Lc ,
i∈I

[0,1]

XZ
i∈I

X
i∈I

Kci =Kc ,

qci (s)ds =Qc ,

[0,1]

Yc − Ic =Cc .

Effect of Robots

Proposition
Suppose that π c > 0. Then
d ln Lci = −



1
1
dθi
+ d ln Yc − σ + − 1 d ln PciX ,
1 − θi
α
α

where Lci denotes the employment in industry i in commuting zone c.
I

The first term is the displacement effect.

I

The second term is the productivity effect.

I

The third term is the composition effect.

Effect of Robots (continued)
Proposition
Suppose that π c > 0 for all c ∈ C and θi = 0 for all i ∈ I. Then
dθi γ L
,
1 − θi γ M
i∈I
X
dθi γ L
d ln Wc =[−ζ disp ε + ζ prod επ c + ζ inc
`ci
,
c,W ψ] ·
1 − θi γ M
d ln Lc =[−ζ disp + ζ prod π c − ζ inc
c,L ψ] ·

X

`ci

i∈I

where ζ disp = (1 − α + η)/Λ, ζ prod = (1 + η)/Λ, ζ inc
c,L = απ c /Λc ,
γL
ζ inc
=
α(π
−
(1
−
π
)(1
−
α
+
η))/Λ,
and
Λ
=
c
c
c,W
γ (1 − α + αψ + ε) > 0.
M

I

The first term is the displacement effect.

I

The second term is the productivity effect.

I

The third term is an income effect.

I

No composition effect on aggregate.

(1)
(2)

Effect of Robots (continued)
I

This proposition shows that the response
of both employment and wages to
P
dθ i γ L
automation is shaped by the term i∈I `ci 1−θ
, which motivates our
i γM
exposure to robots measure.

I

In particular, define
US exposure to robotsc =

X

`ci · APRi ,

i∈I

where recall that `ci is the baseline employment share of industry i in
commuting zone c, and
APRi =

dMi
dYi Mi
dθi γ L
=
−
1 − θi γ M
Li
Yi Li

is the (US) adjusted penetration of robots in industry i.

Incorporating Trade and Non-tradables
I

First, we assume that the representative household’s utility depends on a
tradable good, Cc , and a nontradable (service) good, Sc :
(1−φ) 1−ψ

(Ccφ Sc
I

)
1−ψ

−1

−

B 1+ε
L .
1+ε c

The second modification is to assume that the tradable good is produced with
inputs sourced from all commuting zones so that

Yci =

X

1
λ

υ si Xsci

λ−1
λ

λ
! λ−1

(for all c and i),

s∈C

I

with λ the elasticity of substitution and Xsci the amount of good i exported
from s to c.
Trade introduces additional effects:
1. spillovers on non-tradable employment;
2. substitution across commuting zones;
3. the productivity effect dissipates through trade.

Empirical Specification
I

Our model shows that we can estimate the effect of robots on employment
and wages as follows:
d ln L∗c =β Lc US exposure to robotsc + Lc
W
d ln Wc∗ =β W
c US exposure to robotsc + c ,

I

Without trade the random coefficients are given by:
β Lc =[−ζ disp + ζ prod π c − ζ inc
c,L ψ]

and

disp
βW
ε + ζ prod επ c + ζ inc
c =[−ζ
c,W ψ].

I

With trade, the model implies that we should estimate the same equations,
but the coefficients are now more complicated functions of parameters.

I

For counterfactual exercises, we use the model with trade.

I

We use our estimates for β Lc and β W
c to back up some of the key parameters
in the model.

Data

I

722 commuting zone figures for employment and wages, from both the
Census and the CBP.

I

In our wage regressions, we adjust wages by age, education, gender and race.

I

Also, data on migration and household income from the IRS.

I

We supplement these data with industrial robots counts in different countries
and industries, from the IFR.

I

The IFR reports the number of industrial robots broken by industry for the US
from 2004 onwards.

I

It also reports data from 1993 onwards for the UK, Denmark, Finland,
Sweden, Norway, Germany, France, Spain and Italy.

I

Data available for 19 industries.

Exposure to Robots
I

Endogenous exposure to robots among US industries:
X
US
`ci APRi,t
.
US exposure to robotsc =
0 ,t
i∈I

I

Instrument using penetration of robots among European countries in same
industries
X
Exposure to robotsc =
`ci APR i,t0 ,t .
i∈I

I

Where
APRi,t0 ,t =

I

Mi,t − Mi,t0
Mi,t0
Y
− gi,t
.
0 ,t
Li,t0
Li,t0

For instrument, we measure the baseline employment shares `ci in
1970—before the increase in robot usage.

Industry-Level Correlations

Figure: Scatter plot of the adjusted penetration of robots between 2004 and 2007 by US
industries and the adjusted penetration of robots between 1993 and 2007 in Europe.

Industry Correlations: Other Trends

Figure: Increase in robots and other shocks affecting US industries.

I

Correlation with Chinese imports: -0.43. With Mexican imports: -0.01.

I

Correlation with imports of intermediate goods: -0.08.

I

Correlation with capital growth: 0.14. With IT capital growth: 0.17.

Industry Correlations: Labor Share

Figure: Change in the labor share and predicted increase in the use of robots among
industries. Data from the BEA-IO tables.

Industry Correlations: Output

Figure: Change in the log of value added and predicted increase in the use of robots
among industries. Data from the BEA-IO tables.

Industry Correlations: Employment

Figure: Change in the log of employment and predicted increase in the use of robots
among industries. Data from the CBP.

Industry Correlations: Summary

I

Adoption of robots driven by worldwide technological improvements that
make robots useful in more applications.
1. US adopting robots in industries where Europeans are making mayor inroads in
development.
2. Engineering literature supports this view.

I

Unlike other forms of capital and technologies, the adoption of robots seems
closely linked to the displacement of labor from remaining labor-intensive
tasks in manufacturing.

I

As a result, industries with greatest use of robots experiencing changes
consistent with our model of automation.

I

Net result: manufacturing became less labor intensive, particularly in some
industries and the regions that house them.

Exposure to Robots and Chinese Imports in the US

I

Unconditional correlation with China shock= 0.05.

I

Unconditional correlation with share routine= 0.33.

