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Abstract

As robots and automation technologies take over tasks performed by labor, there is
increasing concern about the future of jobs and wages. We analyze the effect of the increase
in industrial robot usage between 1990 and 2007 on US labor markets. Using a model in
which robots compete against human labor in the production of tasks, we show that advances
in robotics technology may reduce employment and wages, and that the local labor market
impacts of robots can be estimated by regressing the change in employment and wages on the
exposure to robots in each local labor market—defined from advances in robotics technology
in each industry and the local distribution of employment across industries. Using this
approach, we estimate robust negative effects of robots on employment and wages across
commuting zones. We bolster this evidence by showing that the commuting zones most
exposed to robots in the post-1990 era do not exhibit any differential trends before 1990.
The impact of robots is distinct from the effects of overall productivity increases, other types
of IT capital and the total capital stock. According to our estimates, one more robot per
thousand workers reduces the employment to population ratio by about 0.2 percentage points
and wages by 0.37 percent.
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1 INTRODUCTION

In 1929 John Maynard Keynes famously predicted that the rapid spread of automation tech-
nologies would bring “technological unemployment” (Keynes, 1930). Two decades later, Wassily
Leontief would foretell similar problems for workers, writing “Labor will become less and less
important. . . More and more workers will be replaced by machines. I do not see that new indus-
tries can employ everybody who wants a job” (Leontief, 1952). Though these predictions did
not come to pass in the decades that followed, there is renewed concern that with the impressive
advances in robotics and artificial intelligence we are on the verge of seeing them realized (e.g.,
Brynjolfsson and McAfee, 2014; Ford, 2015). The mounting evidence that the automation of
a range of low- and medium-skill occupations has contributed to wage inequality and employ-
ment polarization (e.g., Autor, Levy and Murnane, 2003; Goos and Manning, 2007; Michaels,
Natraj and Van Reenen, 2014) adds to these worries. These concerns notwithstanding, we have
little systematic evidence on the equilibrium impact of automation technologies, and especially
of robots, on employment and wages."

In this paper we estimate the equilibrium impact of a leading automation technology, in-
dustrial robots, on local US labor markets. The International Federation of Robotics—IFR for
short—defines an industrial robot as “an automatically controlled, reprogrammable, and multi-
purpose [machine]” (IFR, 2014). That is, industrial robots are fully autonomous machines that
do not need a human operator and that can be programmed to perform several manual tasks
such as welding, painting, assembly, handling materials, or packaging. Textile looms, elevators,
cranes, or transportation bands are not industrial robots as they have a unique purpose, cannot
be reprogrammed to perform other tasks, and/or require a human operator. This definition
excludes other types of equipment, and enables an internationally and temporally comparable
measurement of a class of technologies—industrial robots—that are capable of replacing human
labor in a range of tasks.

Robotics technology advanced significantly in the 1990s and 2000s, leading to a fourfold rise
in the stock of robots in the United States and Western Europe between 1993 and 2007. As
Figure 1 shows, in the United States the increase amounted to one new industrial robot per thou-
sand workers, and in Western Europe to 1.6 new industrial robots per thousand workers. The
automotive industry employs 38 percent of existing industrial robots, followed by the electronics
industry (15 percent), plastic and chemicals (10 percent), and metal products (7 percent).

To motivate our approach, we start with a model where robots and workers compete in the
production of different tasks. Our model builds on Acemoglu and Autor (2011), Acemoglu and
Restrepo (2018a) and Zeira (1998), but extends these frameworks so that the share of tasks

performed by robots varies across sectors and there is trade between labor markets specializ-

'Frey and Osborne (2013), World Development Report (2016) and McKinsey (2017) estimate which types
of jobs will be susceptible to automation based on various technological projections. Such approaches are not
informative about the equilibrium impact of automation since they do not take into account how other sectors
and occupations will respond to these changes. See also Arntz, Gregory and Zierahn (2016) on other problems
with these methodologies.



ing in different industries. Greater penetration of robots into the economy affects wages and
employment negatively owing to a displacement effect (as they directly displace workers from
tasks they were previously performing), but also positively because of a productivity effect (as
other industries and/or tasks increase their demand for labor). Our framework clarifies that,
because of the displacement effect, robots can have very different implications for labor demand
than capital deepening or factor-augmenting technologies. It further shows that the impact of
robots on employment and wages in a labor market can be estimated by regressing the change
in these variables on exposure to robots. Exposure to robots is a Bartik-style measure (Bartik,
1991), exploiting baseline industry shares in a local labor market and technological possibilities
for the introduction of robots across industries.

We first document that there is considerable variation in the adoption of robots across in-
dustries (even within manufacturing), and that industries rapidly adopting robots in the United
States are the same ones doing so in Europe. We further show that at the industry level, the
adoption of robots is uncorrelated or only weakly correlated with several other major trends,
including increased import competition from China, competition from Mexico, offshoring, the
decline of routine tasks, investments in I'T capital and overall capital deepening. Moreover, con-
sistent with theory, the adoption of robots at the industry level is associated with lower labor
share and employment, and greater value added and labor productivity.

After presenting these industry-level correlations, we investigate the equilibrium impact of
robots in local labor markets, proxied by commuting zones in the United States.? We construct
our measure of exposure to robots using data from the IFR on the increase in robot usage across
19 industries (roughly at the two-digit level outside manufacturing and at the three-digit level
within manufacturing) and their baseline employment shares from the Census before the onset
of recent robotic advances. In order to focus on the component of investment in robots driven
by technological advances, we exploit adoption trends in European economies that are ahead of
the United States in robotics.?

Using this source of variation, we estimate a strong relationship between a commuting zone’s
exposure to robots and its post-1990 labor market outcomes. Our estimates imply that between
1990 and 2007 the increase in the stock of robots (approximately one additional robot per thou-

sand workers from 1993 to 2007) reduced the employment to population ratio in a commuting

2Not all equilibrium responses take place within commuting zones—the most important omitted ones being
trade with other local labor markets, which we model explicitly below; migration, which we investigate empirically;
and the response of technology and new tasks to changes in factor prices emphasized in Acemoglu and Restrepo
(2018a). All the same, recent research suggests that much of the adjustment to shocks, both in the short run
and the medium run, takes place locally (e.g., Acemoglu, Autor and Lyle, 2005, Moretti, 2011, Autor, Dorn and
Hanson, 2013).

3This strategy is similar to that used by Autor, Dorn and Hanson (2013) and Bloom, Draca and Van Reenen
(2015) to estimate the impact of Chinese imports. Though not a panacea against all sources of omitted variable
bias, it allows us to filter out variation in robot adoption coming from idiosyncratic US factors (e.g., US-specific
declines or worsening labor relations in some industries). This strategy would be compromised if changes in robot
usage in other advanced economies are correlated with adverse shocks to US industries. For instance, there may
be common shocks affecting the same industries across advanced economies, such as import competition or rising
wages, and these shocks could induce the same industries everywhere to adopt robots; or the decline of an industry
in the United States may encourage both US domestic producers and their foreign competitors to adopt robots.
We provide evidence suggesting that these concerns are not responsible for our results.



zone with the average US change in robots by 0.38 percentage points, and average wages by
0.71 percent (relative to a commuting zone with no exposure to robots). These numbers are
sizable but not implausible. For example, they imply that one more robot in a commuting zone
reduces employment by about 6 workers; this estimate includes both direct and indirect effects,
the latter being caused by the decline in the demand for nontradables as a result of reduced
employment and wages in the local economy.

To understand the aggregate implications of these estimates, we need to make additional
assumptions about how different commuting zones interact. Greater use of robots in a com-
muting zone is likely to generate benefits for the rest of the US economy by reducing the prices
of tradable goods now produced using robots and by creating shared capital gains. Our model
enables us to quantify these positive spillovers across commuting zones, and leads to somewhat
smaller but still uniformly negative aggregate effects. With our preferred choice of parameters,
our estimates imply that one more robot per thousand workers reduces aggregate employment
to population ratio by about 0.2 percentage points or equivalently one new robot reduces em-
ployment by about 3.3 workers and wages by about 0.37 percent (as opposed to 0.37 percentage
points and 0.71 percent, respectively, without trade).

We verify that our measure of exposure to robots is unrelated to past trends in employment
and wages from 1970 to 1990, a period that preceded the onset of rapid advances in robotics
technology. Several robustness checks further support our interpretation. First, our results are
robust to including differential trends by various baseline characteristics, linear commuting zone
trends, and controls for other changes affecting demand or productivity in various industries.
Second, we show that the automotive industry, which is the most robots-intensive sector, is not
driving our results. Third, consistent with our theoretical emphasis that automation technolo-
gies, such as robots, have very different labor market effects than other types of machinery and
overall capital deepening, we find no similar negative impact from capital, other measures of I'T
and overall productivity increases.

We also document that the employment effects of robots are most pronounced in manufac-
turing, and in particular, in industries most exposed to robots; in routine manual, blue collar,
assembly and related occupations. Consistent with the presence of spillovers on nontradables,
we estimate negative effects on construction and retail and personal services.

Besides the papers that we have already mentioned, our work is related to the empirical
literature on the effects of technology on wage inequality (Katz and Murphy, 1992), employment
polarization (Autor, Levy and Murnane, 2003; Goos and Manning, 2007; Autor and Dorn, 2013;
Michaels, Natraj and Van Reenen, 2014), aggregate employment (Autor, Dorn and Hanson, 2015;
Gregory, Salomons and Zierahn, 2016), the demand for labor across cities (Beaudry, Doms and
Lewis, 2006), and firms’ organization and demand for workers with different skills (Caroli and
Van Reenen, 2001, Bartel, Ichniowski, and Shaw, 2007, and Acemoglu et al., 2007).

Most closely related to our work is the pioneering paper by Graetz and Michaels (2018).
Focusing on the variation in robot usage across industries in different countries, Graetz and

Michaels estimate that industrial robots increase productivity and wages, but reduce the em-



ployment of low-skill workers. Although we rely on the same IFR data, we utilize a different
empirical strategy, which enables us to go beyond cross-country, cross-industry comparisons,
exploit plausibly exogenous changes in the spread of robots, and estimate the equilibrium im-
pact of robots on local labor markets. Our micro data also allow us to control for detailed
demographic and compositional variables when focusing on commuting zones, check the validity
of our exclusion restrictions with placebo exercises, and study the impact of robots on industry
and occupation-level outcomes, bolstering the plausibility of our estimates.

The rest of the paper is organized as follows. Section 2 presents a simple model of the effects
of robots on employment and wages, which both clarifies the main economic forces and enables
us to derive our estimating equations. Section 3 introduces our data sources. Section 4 presents
the correlation between robot adoption at the industry level and employment, the labor share
and productivity. Section 5 presents our main empirical results and various robustness checks.
Section 6 looks at the differential effects of robots on workers in different industries, occupations
and skill groups. Section 7 concludes, while the Appendix presents proofs, additional theoretical
results especially useful in interpreting our empirical findings when there are trade links between

commuting zones, and a large number of further robustness checks.

2 RoBoTS, EMPLOYMENT AND WAGES: A MODEL

This section presents a model building on Acemoglu and Restrepo (2018a) to exposit the po-
tential effects of robots on employment and wages, and derives our estimating equations. To

develop intuition, we start with a model without trade between commuting zones.

2.1 Robots in Autarky Equilibrium

The economy consists of |C| commuting zones. Each commuting zone ¢ € C has preferences

defined over an aggregate of the consumption of the output of |Z| industries, given by

oo\ o1

Y. = (Zvﬁ@f) : (1)
€L

where o > 0 denotes the elasticity of substitution across goods produced by different indus-

tries, while the v;’s are share parameters that designate the importance of industry ¢ in the

consumption aggregate (with ) ;.7 v; = 1).

In the autarky equilibrium, a commuting zone consumes its own production of each good,
denoted by X,;. Hence, for all i € Z and ¢ € C, we have Y,; = X.;. We choose the consumption
aggregate in each commuting zone as a numeraire (with price normalized to 1) and denote the
price of the output of industry 7 in commuting zone ¢ by P.

Each industry produces output by combining capital with a continuum of tasks indexed by
s € [0,1], each of which can be produced using industrial robots or human labor. We denote by

Zci(s) the quantity of task s utilized in the production of X.;. These tasks must be combined



in fixed proportions so that

Xei =a (1 - a)i(lia)Ac [ min {z.(s )}]aKclz'_a’ (2)
s€[0,1]
where K. denotes the non-robot capital used in industry ¢, 1 — « is its share in the produc-
tion process, A is the productivity of industry i, and the term a~%(1 — a)*(lfa) is included
as a convenient normalization. Differences in the A.;’s will translate into different industrial
compositions of employment across commuting zones.

We model industrial robots as replacing labor in some of the tasks it was performing. Specif-
ically, in industry ¢ tasks [0, 6;] are technologically automated and can be performed by robots.
We assume that all commuting zones have access to the same technology, i.e., the same 6; in
industry ¢. Denoting the productivity of labor by ~; and the productivity of robots by vyas > 0,
we have

2oils) = { Ve Mei(s) + o Lei(s) 'if s <0;
YL Lci($) if s > 6;,

where L.;(s) and M (s) are, respectively, the numbers of workers and robots used in the pro-
duction of task s. Because tasks above 6; have not yet been technologically automated, they
have to be produced by labor.

In each commuting zone ¢ labor is supplied by a representative household with preferences

CCliw*l_ B 1+¢
1—1 1+e ¢ 7

where C, denotes this household’s consumption and L, is its labor supply. Its budget constraint
is C. < W.L. + II., where II. is non-labor (capital and profit) income. In this specification,
1) is the income elasticity of labor supply, and ¢ is the Frisch elasticity of labor supply. These
preferences are consistent with balanced growth when ¢ — 1 (in which case the first term
becomes log C.).

Robots are produced using investmelnt (in units of the final good), denoted by I.., with the

production function M. = D(1 + 1)I.™", and have a rental price of RM. This formulation,
with > 0, allows the supply of robot services to a commuting zone to be upward sloping.
This is reasonable in the medium term, since about two thirds of the costs of robots are for
services supplied by local, specialized robot integrators that install, program and maintain this
equipment (Leigh and Kraft, 2018). Finally, in the autarky model we take the supply of capital
in commuting zone c to be fixed at K., and denote its price by RX.

An equilibrium is a tuple of prices {W,, RM, RK} .c ¢ and quantities { L., M.} .cc such that in
all commuting zones, firms maximize profits, households maximize their utility, and the markets

for capital, labor, robots and final goods clear:

Z/ :LC’ Z/ MCZ :MC’ Z Kcz =K., C. =Y. — L.
(0,1]

i€ i€ €T



We prove in the Appendix that an equilibrium exists and is unique.
To analyze the equilibrium impact of robots, let us first define cost savings from the use of

robots in commuting zone c as
M
e %
¢ Y™ Wc
Robots will not be adopted when 7. < 0, and in what follows we focus on the case where w. > 0
in all commuting zones. The next proposition characterizes the partial equilibrium impact of an

advance in automation/robotics technology for industry ¢, denoted by db;.

PROPOSITION 1 Suppose that w. > 0. Then

dnLei =~ =g+ c—(a+a—1>dlan, (3)

where L¢; denotes the employment in industry i in commuting zone c.

Like all other results in this section, the proof of this proposition is provided in the Appendix.

Equation (3) highlights three different forces shaping labor demand of industry 7, represented
by L. First there is a negative displacement effect: an increase in 6; will lead to the use of
robots in tasks otherwise performed by labor, displacing workers employed in these tasks. This
displacement effect always reduces the labor share in the industry undergoing automation, and
may also reduce its overall labor demand.* The reason why labor demand does not necessarily
decline following automation is because of the countervailing (positive) productivity effect, which
is represented by the second term. Intuitively, automation lowers the cost of production (thus
increases “productivity”), and via this channel, raises the demand for labor in non-automated
tasks in all industries. Finally, there is a composition effect, represented by the third term:
industries undergoing automation expand at the expense of others, and this raises the demand
for labor coming from their non-automated tasks.

The industry-level implications of Proposition 1 can be aggregated to derive the impact of

robots on local labor demand as follows:

1

dinL, = sz —5 T dlnY <0 + - - 1> Z(em» — Xei)dIn P, (4)
€L €L

where £.; is the share of industry ¢ in total employment in commuting zone ¢, while y; is this

industry’s share of value added. The first two terms are direct analogues of the displacement

and productivity effects in (3). The third term shows that the implications of the composition

effect for labor demand depends on whether automation is reallocating output towards sectors

4The negative impact on the labor share can be seen by computing the total task production in industry i

«
as X = Avia™ (1 — o)~ 17 [min {”{TM”‘, 71L7L0“ } K!7%, which shows that an increase in 6; always makes
i i

production less labor intensive (see Acemoglu and Restrepo, 2018a). We establish in the Appendix that a sufficient

condition for the displacement effect to dominate the other forces and reduce (relative) industry employment is
1/a

Tato=T = mesE, where sZ is this industry’s labor share. This condition always holds if o is not too much greater

than 1.



that are more labor intensive than average (those for which ¢.; > x¢;). This composition effect
disappears when all industries have the same labor share.

Equation (4) provides a partial equilibrium characterization of how the demand for labor
changes following automation. The next proposition links changes in prices and total output to

automation technologies and thus derives the full equilibrium impact of automation.

PROPOSITION 2 Suppose that w. > 0 for allc € C and 0; =0 for alli € Z. Then

, : dod; L
_ dis rod inc . ?
dn Lo =[=¢ 4+ (e = (U] D g = ®)
i€l
, , d6;
dln W, =[—¢%Pe 4 (Proeq, 4 ()] - chiiﬂv (6)
7 e L bim

where (1P = (1—a+n)/A, (P°% = (1+7)/A, é”LC = arn./A., cml/%/ = a(m.—(1=m.)(1—a+n))/A,

andA:%(lfa+a1/)+6)>O.

This proposition is stated under the assumption that 8; = 0 for all 7, which simplifies the
relevant expressions by removing the composition effect. The economic effects are similar when
this assumption is relaxed as shown in the Appendix.”

This proposition shows that the response of both employment and wages to automation is
shaped by the term ), 7 Zci%%, which will be the basis of our exposure to robots measure.
In addition, the coefficient of this variable in both equations comprises three distinct terms.
The first one, —CYP, represents the displacement effect. The second one, (P4, represents
the productivity effect, generated by cost savings, m.. When cost savings from automation are
limited, the impact of automation on employment will be negative. Conversely, when 7. is large,
automation will increase labor demand, employment and wages. Finally, the third term in both
equations incorporates the negative income effect of automation on labor supply.

It is worth noting that the impacts of robots highlighted in Proposition 2 are very different
than those of overall capital deepening (which would result from an increase in the supply of
capital, K.), or from other technological changes that increase the productivity of labor, 7,
in the model. Capital deepening—or an increase in the productivity of robots, va;—that does
not displace workers from the tasks they are performing always raises wages and employment,
and labor-augmenting technological change does so as well since the elasticity of substitution
between capital and labor is one (see, e.g., Acemoglu and Restrepo, 2018b). This observation
clarifies that the displacement effect created by automation is responsible for its potentially

negative impact on labor demand.

5In any case, the composition effects are likely to be small in practice; there were few robots in any industry in
the early 1990s, and moreover, the source of composition effects—the correlation between £.; —x¢: (or equivalently
the labor share) in equation (4) and the introduction of robots across industries—is not present in the data. For
example, the correlation between the labor share of an industry in 1992 subsequent robots usage is 0.13 across all
industries (and -0.09 within manufacturing).



2.2 Robots When Commuting Zones Trade

The autarky model transparently illustrates the displacement and productivity effects of automa-
tion, but ignores how its economic consequences may spill over across local labor markets, for
example, due to trade in goods and services between commuting zones. Such linkages change
both the sensitivity of employment and wages to the adoption of robots and their aggregate
implications. We now incorporate automation/robots into a simple model of trade between
commuting zones building on the work of Armington (1969) and Anderson (1979). Specifically,
we modify our model in two related ways. First, we assume that the representative household’s

utility depends on a tradable good, C., and a nontradable (service) good, S:

1— _
(C?S£ ¢))1 dj_l B Ll-i—e

1—1 C14e € (™)

This Cobb-Douglas specification implies that a constant share ¢ € (0,1) of spending will be
on the tradable good. We assume that this nontradable good is produced with labor, that is,
. = L7, and we denote its price in commuting zone ¢ by P.. The remaining labor, L. — L%, is
used in the labor-intensive tasks in the production of tradable goods.
The second modification is to assume that the tradable good is produced as in (1), but now

with inputs sourced from all commuting zones so that

1 A—1 =1
Y., = (Z v Xoei . ) (for all ¢ and 1), (8)

seC

where A is the elasticity of substitution between varieties sourced from different commuting
zones, and the share parameters, the vg’s, indicate the desirability of varieties from different
sources. We assume that there are no trade costs, so that the price of the tradable good is
equalized across commuting zones and we choose it as the numeraire. Denoting the amount
of good i exported from commuting zone ¢ to destination d by X.4; (including d = ¢), market
clearing imposes

Xei =Y Xeqi (for all ¢ and i).
deC

We also assume that the initial stock of capital of the economy, K, is perfectly mobile
across commuting zones, and we modify the budget constraint of households to C, + P.S. <
W, L.+ X1, where IT is the national non-labor income and a share x! of this income is allocated
to commuting zone ¢ (with Y .., xt! = 1). The main result of this section is presented in the

next proposition, which parallels Proposition 2.



PROPOSITION 3 Suppose that m. = my for all c € C and 0; =0 for allt € Z. Then

~di. - d0 rice
dln Lo <[~ + (P%mo — (U] Yl —r L =+ & dny + (MdInTl+ 7 (9)

Z

€L
db; :
dIn W, =[—C¥Pe 4 (Proemy + Cincy] Zem — L +de1 Y+ {ibdIn Tl + ¢, (10)
€L Z

where the (’s are functions of the underlying parameters of the model.

This proposition is stated under the assumption that 7. is the same across commuting zones
as well as 0; = 0 for all ¢, and we provide a more general version in the Appendix.

As before, the (’s summarize the local impact of robots on employment and wages. In
addition, trade between commuting zones implies that productivity gains and price changes in
one area will be shared with others. The productivity spillovers, generated by the change in
national income dInY, are captured by the ¢¥ terms, while spillovers from changes in prices
are summarized by the (P terms. Finally, the (! terms represent the income effects and the
demand for nontradables resulting from non-labor income, dInll. These general equilibrium
effects are not functions of exposure to robots in the commuting zone, and thus we obtain the
same reduced-form relationship between robots and local labor demand as in the autarky model.
The aggregate implications of robots, however, depend on the extent of trade across commuting
zones because of the additional spillover terms and because the (’s in this proposition differ
from their autarky counterparts in Proposition 2. We take these differences into account in our

quantitative evaluation below.

2.3 Empirical Specification

Proposition 2 and 3 summarize the effects of changes in the robotics technology on local employ-
ment and wages. The key equations, (9) and (10), show that the equilibrium impact of robots

depends on the same object, which we will call a commuting zone’s (US) exposure to robots,

US exposure to robots, = chi -APR;, (11)
i€L

where recall that £.; is the baseline employment share of industry ¢ in commuting zone ¢, and

db; ~yp _ dM; dY; M;
1—0;vu L; Y, L;

(12)

is the (US) adjusted penetration of robots in industry i. Exposure to robots is thus a Bartik-
style measure combining industry-level variation in the usage of robots and baseline employment
shares. Our model implies a specific form for this relationship, including an adjustment for the

overall expansion of each industry’s output as given by the last term in (12).



With this measure of exposure to robots, we can estimate
dIn L. =fy, - US exposure to robots, + €;  dInW, =By - US exposure to robots, + €2, (13)

regardless of whether or not there is trade between commuting zones, though the coefficients
Bz, and By have different interpretations in these two cases. In these equations, e/ and e’
represent other factors affecting labor supply and demand, and in our empirical work, we will
model them as functions of various baseline characteristics and observed economic changes.

The models in equation (13) can be readily estimated using OLS with the US exposure to
robots variable computed from US data on the adjusted penetration of robots across industries.
However, there are two related reasons why the US exposure to robots could be correlated with
the error terms, €& and €/, leading to biased estimates. First, some industries may be adopting
robots in response to other changes that they are undergoing, which could directly impact their
labor demand. Second, any shock to labor demand in a commuting zone affects the decisions of
the industries located in that commuting zone, including their decisions concerning the adoption
of robots.% Ideally, we would only want to use changes in robot penetration driven by exogenous
improvements in technology, db;.

To identify the component of robot penetration driven by changes in technology, we instru-
ment the US exposure to robots using an analogous measure constructed from the penetration

of robots in European countries that are ahead of the United States in robotics, given by

Exposure to robots, = Z&i - APR;, (14)
i€L

where APR; is the adjusted penetration of robots computed from European countries. We

describe and motivate this choice in greater detail in the next section.

3 DAtTA

In this section we describe our main data sources.

3.1 Robots

Our main data consist of counts of the stock of robots by industry, country and year from the
IFR. The IFR data are based on yearly surveys of robot suppliers and cover 50 countries from
1993 to 2014, corresponding to about 90 percent of the industrial robots market. The stock
of industrial robots by industry going back to the 90s is only available for Denmark, Finland,

France, Germany, Italy, Norway, Spain, Sweden, and the United Kingdom, which together ac-

5An example for the first concern would be the automotive industry adopting more robots in the United States
because of higher wage push from its unions. An example for the second would be a local recession in Detroit,
MI that impacts the automotive industry that has a large footprint there.

10



count for 41 percent of the world industrial robot market.” Outside of manufacturing, we have
consistent data for the use of robots in six broad industries: agriculture, forestry and fishing;
mining; utilities; construction; education, research and development; and services. Within man-
ufacturing, we have consistent data on the use of robots for 13 more disaggregated industries:
food and beverages; textiles (including apparel); wood and furniture; paper and printing; plastic
and chemicals; minerals, glass, and ceramics; basic metals; metal products; industrial machin-
ery; electronics; automotive; shipbuilding and aerospace; and miscellaneous manufacturing (e.g.,
production of jewelry and toys). We use this industry classification throughout, and refer to it
as the IFR industries.

Table A1 in the Appendix and Figure 1 depict the evolution of robots stocks for different
subsets of these countries and for the United States. In Figure 1 we show separately the evolution
of the stock of robots for Germany, the average for Denmark, Finland, France, Italy and Sweden,
the average for Norway, Spain and the UK, and the United States. The trends for Denmark,
Finland, France, Germany, Italy and Sweden are particularly interesting, because these are the
countries that are technologically more advanced than the United States in robotics.® US robot
usage starts near 0.4 robots per thousand workers in the early 1990s, increases to 0.7 in 2000,
and then rises rapidly to 1.4 robots per thousand workers in the late 2000s; this closely tracks
but is about 20 percent lower than the average of Denmark, Finland, France, Italy and Sweden.”

The IFR data have some shortcomings worth noting. First, not all robots are classified into
one of the 19 IFR industries. About 30 percent of robots are unclassified, and this fraction
has declined throughout our sample. We allocate these unclassified robots to industries in the
same proportions as in the classified data. Second, although the IFR reports data on the total
stock of industrial robots in the United States from 1993 onwards, it does not provide industry
breakdowns until 2004. This does not affect the exposure to robots measure computed from
European data, and we describe how we use US data in our IV strategy in Section 5.9. Finally,
the IFR only reports the overall stock of robots for North America. Though this aggregation
introduces noise in our measures of US exposure to robots, this is not a major concern, since
the United States accounts for more than 90 percent of the North American market, and our

IV procedure should purge the US exposure to robots from this type of measurement error.'?

"Though the IFR also reports data by industry for Japan, these data underwent a major reclassification. We
follow the recommendations of the IFR and exclude Japan from our analysis.

8This can be seen from their level of robot adoption at the beginning of the sample, in 1993, or from their
rate of investments in robotics during our sample. It can also be seen from their “robot exports” (measured as
exports of intermediates related to robotics from the Comtrade dataset, see Acemoglu and Restrepo, 2018c, for
details). For example, robot exports per worker are three to four times as large in Italy, France and Denmark as
in the United States, and more than six times as large in Germany, Finland and Sweden. Norway and the UK
are behind the United States in all of these metrics. Spain has adopted robots rapidly in the automotive industry
since 1993, but is behind or comparable to the United States in other sectors, and its robot exports are at the
same level as the United States.

9We show in Acemoglu and Restrepo (2018c) that demographic factors account for a large fraction of this
cross-country variation and for why European countries are ahead of the United States in robotics. The relative
shortage of middle-aged (production) workers in countries aging rapidly, such as Germany, France, Italy, Japan
and South Korea, encourages the development and adoption of robotics technology, which is then exported to
other countries, including the United States, experiencing less rapid demographic change.

10 Although in principle robots in different sectors may have different capabilities and values, in practice there
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We combine the IFR data with employment counts and output produced by country and
industry from the EUKLEMS dataset (see Jigger, 2016),'! which allows us to construct adjusted
penetration of robots, APR; and APR;, for different time periods. Following equation (12), our

baseline measure of the adjusted penetration of robots between two dates, ty and ¢1, is given by

M M

TPh 1 it~ M M; 4,
APRi,(t(),tl) = 5 Z Lji - gi,(to,tl)Lj <15)
JEEURO5 4,1990 4,1990

where Mft is the number of robots in industry 7 in country j at time ¢ (from the IFR data),
gi( to.t1) is the growth rate of output of industry ¢ in country j between ¢y and ¢; (also from the
EUKLEMS), and Lg,1990 is the baseline employment level in industry ¢ and country j (from the
EUKLEMS).!? In our long-differences models, we take tq = 1993 and #; = 2007, though we also
present models where we focus on other periods.

For our baseline measure we use the average penetration in FU ROb5, comprising Denmark,
Finland, France, Italy, and Sweden, that is, countries ahead of the United States in robotics ex-
cluding Germany. Focusing on countries that are ahead of the United States helps us isolate the
source of variation coming from technological advances (rather than idiosyncratic US factors).
We exclude Germany from our baseline measure because, as Figure 1 shows, it is so far ahead
of the other countries that its adoption trends may be less relevant for US patterns than those
of the countries in EURO5."3

We also measure the US adjusted penetration of robots as

Us Uus

APRYS _ My — MG _US M; g, (16)
i,(to,t1) LUs gi7(t07tl) Lus -
1,1990 i,1990

is little variation in these dimensions. Industrial robots belong to one of a handful of standardized types—
articulated robots, SCARA (selective compliance assembly robot arm) robots, Cartesian robots, and parallel
robots. Consistent with this, robot prices are fairly similar across sectors (ranging from about $44,000 per robot
to about $88,000), and our results in Table 5 suggest that the quantitative effects of robots in different sectors
are similar. In Tables A21 and A22 in the Appendix, we investigate the role of robot prices further.

"1To obtain comparable data, we first use information on hours worked to obtain a count of equivalent US
workers by industry in 1990. We then compute the number of robots by industry, country and year divided by US
equivalent workers in 1990. Because the data for Norway are missing from the EUKLEMS, we use the distribution
of employment in the remaining Scandinavian countries in our sample (Denmark, Finland, and Sweden) to impute
the Norwegian distribution. In addition, we were able to match most of the industries used in the EUKLEMS
dataset to the 19 IFR industries. One exception is wood and furniture, since employment in furniture products
is pooled with miscellaneous manufacturing. To address this issue, we allocated 40% of the employment in
miscellaneous manufacturing to the wood and furniture sector based on the proportions of employment in the US
in these detailed industries (obtained from the NBER-CES dataset described below). Finally, because the IFR
data for Denmark are not classified by industry before 1996, we construct estimates for 1993-1995 by deflating
the 1996 stocks by industry using the total growth in its stock of robots.

?Because the level of robot adoption was low in 1993, the adjustment term gZ,(to,tl)MivtO /LZ,1990 is not quan-
titatively important; 96 percent of the variation in the adjusted penetration of robots across industries between
1993 and 2007 is driven by the increase in robot density, the term (Mij’t1 - Mito)/Lg,lggo in equation (15). The
exception is the electronics industry, which had a high stock of robots in 1993 and experienced rapid growth.

13The Appendix presents versions of our main results for different constructions of the APR; measure, including
a specification where we use all European countries, one where we use both Germany and the FU RO5, one where
we use the observed increase in robot density without the gf,(tmh)Mi,to /LZ’1990 term, and a complementary
measure where we include an adjustment for variation in the average price of a robot in an industry.
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Given the coverage of the IFR data for US industries, this variable only goes back to ty = 2004.

3.2 Industry Data

To investigate the industry-level correlates of robot adoption, we use data on US industry
employment, wage bill, value added, and labor share. The employment and wage bill data
come from the County Business Patterns (CBP). We supplement the CBP with the NBER-CES
dataset, which covers the manufacturing sector and reports data on employment and wage bills
for all workers and for production workers (see Acemoglu et al., 2016). We also use data on
value added and labor share from the Bureau of Economic Analysis (BEA), on IT capital and
overall capital stock from the Bureau of Labor Statistics (BLS), and on productivity (TFP) from
the NBER-CES. These data are available for a detailed set of industries which we aggregated
to the 19 IFR industries. Industry-level imports from China and Mexico and total exports from
Germany, Japan and South Korea are computed from Comtrade data (following Acemoglu et
al., 2016; see also Autor, Dorn and Hanson, 2013). Finally, we use the index of offshoring (share
of imported intermediates) from Feenstra and Hanson (1999) and Wright (2014).

3.3 Commuting Zone Data and Exposure to Robots

In our main analysis, we focus on the 722 commuting zones covering the US continental territory
(Tolbert and Sizer, 1996). Following equations (11) and (14), we measure US exposure to robots

in a commuting zone as
_ 1990
US exposure to robots, ;) = ng- “APR; (15,11 (17)
i€l

where Ei?go is the share of industry 4 in the total employment of commuting zone ¢ and APR; is as
defined in (16). Exposure to robots is defined analogously, exploiting variation in industry-level
adoption of robots in the EU RO5 countries,

Exposure to robots,, 4, ;) = Zéi?m “APR; (1541 (18)
1€
where APR; (4, 1) 1s given in (15). We now use the 1970 employment shares, 62{970, as the baseline

in order to focus on historical, persistent differences in the industrial specialization of commuting
zones that predated robotics technology. This choice avoids any mechanical correlation or mean
reversion associated with changes in industry employment in the 1980s that were temporary or
in anticipation of the subsequent introduction of industrial robots. It is also worth noting that
even when we consider changes in subperiods (e.g., in our models where differences for multiple
periods are stacked together), we keep the baseline employment shares constant, and thus avoid
the introduction of endogenous and serially correlated changes in our exposure variable.

We use the public use data from the 1970, 1990, and 2000 Censuses and the American

Community Survey (see Ruggles et al., 2010) to construct measures of population, employment,
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employment by industry and occupation, and demographics for each commuting zone. To in-
crease sample size, we follow Autor, Dorn and Hanson (2013) and measure the 2007 outcomes
using the ACS for the years 2006-2008. Similarly, we measure the 2014 outcomes from the ACS
for 2012-2016. We complement these data with employment counts from the CBP for 1990, 2000
and 2007, which we again aggregate to the commuting zone level. We also use the Census and
ACS to compute the average hourly and weekly wage within 500 demographic X commuting
zone cells, which corrects for the changes in the observed characteristics of employed workers.
Our demographic cells are defined by gender, education, ten-year age bins, race and birthplace
(American or foreign born). All top coded wage income observations are set equal to 1.5 times
the value of the top code as in Acemoglu and Autor (2011). We supplement these with data from
the BEA on wage and non-wage income and from the IRS on wage income and net migration.

To control for potentially confounding changes in trade patterns, we rely on data on the
exposure to Chinese imports from Autor, Dorn and Hanson (2013), and data on the fraction of
employment in a commuting zone in routine occupations (as defined in Autor and Dorn, 2013).
To distinguish the role of robots from that of capital accumulation, investments in I'T, and other
technologies raising productivity, we also construct Bartik-style measures of increases in capital
stock, IT capital, value added and productivity across the 19 IFR industries.

Finally, we use data compiled by Leigh and Kraft (2018), who scraped the web to obtain the
location and employment of robot integrators—which are companies that install, program and
maintain robots for different industrial applications. Using these data, we construct estimates

of robot integrator activity in each commuting zone.

4 INDUSTRY CORRELATIONS

We start by documenting industry trends. Figure 2 depicts the relationship between mi7(199372007)
(computed from EURO5) and AP R; (2004,2007) (computed from the US data and scaled to a 14-
year equivalent change). Both variables are given in terms of robots per thousand workers.
Consistent with the notion that US industry trends in robotics are driven by technological fac-
tors, there is a strong correlation between adoption of robots in the EUROb5 countries and
in the United States (see also Table A2 in the Appendix). The figure also reveals significant
heterogeneity across industries, even within manufacturing. While some industries, such as au-
tomotive, plastics and chemicals, and metal products, exhibit increases in robot penetration
of more than 7.5 robots per thousand workers, others like paper and printing, textiles, and
industrial machinery have experienced only modest increases both in Europe and the US.

In the rest of this section, we focus on the variation in APR;, which we interpret as a proxy
for improvements in robotics technologies available to US firms.'* Figure 3 shows that this
measure of robotics technology does not mimic other industry-level trends. Together with our

APR; (1993,2007) variable, the figure plots the concurrent increase in the capital stock and IT

14 This interpretation is bolstered by Figure Al in the Appendix, which shows a close association between APR;
and Graetz and Michaels’s (2018) replaceability index, which measures the fraction of occupations in an industry
involving tasks that can be automated.
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capital stock, increases in Chinese and Mexican imports (relative to US consumption), increase
in offshoring, and increase in total exports from Germany, Japan and South Korea (also relative
to US consumption).!® The figure reveals that the industries that are adopting more industrial
robots are not the ones affected by Chinese or Mexican import competition or offshoring. Nor
are they the same ones experiencing rapid growth in total capital or IT capital. This strengthens
our presumption that the use of industrial robots is a technological phenomenon that is largely
unrelated to other industry trends.'®

As emphasized in our model, we expect the adoption of robots to be associated with declines
in an industry’s labor demand and labor share. Table 1 reports regressions of various industry-
level changes on APR; for different time periods. Panel A uses wage bill as a proxy for labor
demand, while Panel B looks at employment. The first four columns present long-differences
specifications where we regress the change in log wage bill from 1993 to 2007 on our baseline
measure of adjusted robot penetration for the same period, mi7(199372007). In column 1 of
Panel A we first show the raw correlation between APR; and log wage bill, which is negative,
indicating that industries experiencing greater penetration of robots have also seen significant
(relative) declines in labor demand. To control for other changes over this time period, column 2
includes several key industry-level covariates that we use in our baseline commuting zone models
as well: change in imports from China and dummies for manufacturing and light manufacturing
(which covers paper and printing and textiles, industries that have been on a steep downward
trend in the United States for a number of reasons other than automation). These controls allow
for differential trends in these industries unrelated to robots. The inclusion of these controls
reduces the magnitude of the coefficient on APR;, but also makes it more precisely estimated
(-0.843, standard error = 0.408). Quantitatively, this number implies that an industry adopting
one more robot per thousand workers according to our EU RO5 measure has had a 0.84 percent
relative decline in wage bill.!” Columns 3 and 4 show similar patterns for the wage bill of all
workers and production workers in manufacturing using the NBER-CES dataset.

Columns 5-9 present stacked-differences models for two periods of seven years, 1993-2000
and 2000-2007, with analogues of our APR; variable computed for these two subperiods (in
this case we have two observations per industry). These models have the advantage that they
exploit more accurately the timing of the adoption of robots. For instance, robot penetration
in the automotive industry accelerated in the 2000s, whereas in shipbuilding and aerospace it
decelerated in the 2000s. We now see a more precisely estimated relationship than the one shown

in columns 1-4. For example, the equivalent of the estimate in column 2 is now -1.037 (standard

5For ease of comparison, we normalize these measures relative to the industry with the largest increase for
each variable.

16Within manufacturing, the correlation between our measure of adjusted penetration of robots, APR;, and
change in imports from China is —0.43 (the overall correlation is 0.081). The correlation with the change in
imports from Mexico and with offshoring is, respectively, —0.01 and —0.008 within manufacturing (and 0.3 and
0.27 overall). The correlation with the increase in capital is 0.14 within manufacturing (and -0.35 overall), and
the correlation with the increase in IT capital is 0.17 within manufacturing (and —0.16 overall).

1"Equivalently, an increase of 5 robots per thousand workers in APR;, which corresponds to the interquartile
range of the distribution of this variable (between food manufacturing and agriculture), leads to a 4 percent
decline in wage bill.
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error = 0.195), which implies that one more robot per thousand workers (in EURO5) is asso-
ciated with over a one percent decline in labor demand. Stacked-differences models also enable
us to include linear industry trends, thus controlling more flexibly for the possibility that our
industries have been on differential trends for other reasons. Although specifications controlling
for industry trends are demanding, in column 7 we estimate a similar negative relationship be-
tween the adoption of robots and labor demand. Finally, columns 8 and 9 depict the estimates
for all workers and production workers in manufacturing, which are again very similar. Panel B
shows similar results for employment.

We also use the BEA data to estimate the relationship between robot penetration and the
labor share and value added between 1992 and 2007. Column 10 in Panel A shows that, consis-
tent with robots increasing productivity, value added is increasing in industries adopting more
robots—even though their employment is contracting.'® This result suggests that industries
adopting robots are not just becoming more productive but also less labor intensive, and this
is confirmed by our estimate in column 10 in Panel B, which shows a large decline in the labor
share. This estimate implies that one more robot per thousand workers is associated with a 0.7
percentage point decline in the labor share between 1992 and 2007.

Figure 4 shows the relationship between APR; and log wage bill, log employment, the
labor share and log value added visually. For wage bill and employment, we show the stacked-
differences specifications from column 6 after partialing out the covariates, while for the labor
share and value added we focus on long-differences specifications from column 10. Notably,
Figure A2 in the Appendix verifies that there are no significant pre-trends for log wage bill
and log employment for all workers and for production workers in the NBER-CES data (the
CBP dataset does not go back far enough for such an exercise). Tables A3 and A4 in the
Appendix further confirm that the patterns shown in Table 1 are similar when we use different
constructions for the APR; variable and when we explore more recent time periods.

Although we view the industry correlations mostly as descriptive, the patterns are consis-
tent with our theoretical expectations and show that industries where robotics technology has
made greater advances have been experiencing expanding output and declining labor demand,
employment and labor share. We next turn to an investigation of the implications of robots for

employment and wages in local labor markets.

18Within manufacturing, automotive, plastics and chemicals, and metal products—the industries that adopted
the greatest number of robots—experienced the fastest growth of value added between 1992 and 2007, ranging
between 2 percent and 4 percent per year. In contrast, textiles and paper and printing—which did not adopt
many robots and are the industries we classified as light manufacturing—have the lowest growth. In Table A5
in the Appendix, we also document the significant positive effect of robots on labor productivity, which confirms
one of the main findings of Graetz and Michaels (2018) from cross-industry, cross-country data.

Because of data availability for value added, labor productivity and labor share, we cannot construct comparable
stacked differences, and thus focus on long differences for these variables.
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5 MAIN RESULTS

In this section we first describe our measure of exposure to robots and document its variation. We
then present reduced-form results for employment and wages, and investigate their robustness.

We finally present IV estimates and discuss their quantitative implications.

5.1 Exposure to Robots and Robot-Related Activities

We focus on the exposure measure defined in equation (18) and constructed from European data
on robot penetration by industry. We will use this variable as an instrument to uncover the
impact of improvement in robotics technologies on US labor markets.

Panel A of Figure 5 depicts the geographic distribution of exposure to robots between 1993
and 2007. In many parts of the United States there is only a small increase of about 0.27-
0.67 robots per thousand workers. In others, including parts of Kentucky, Louisiana, Missouri,
Tennessee, Texas, Virginia and West Virginia, our measure of exposure ranges between 2 and 5
robots per thousand workers. More strikingly, in some parts of the Rust Belt and Texas, robot
penetration increases by 5-10 per thousand workers. Figures 2 and 3 above already highlighted
that there is greater penetration of robots in the automotive industry than in other sectors (both
in the United States and Europe). Panel B of Figure 5 verifies that even after this industry is
left out, there is still considerable geographic variation in exposure to robots.

It is also useful to remark that, consistent with the industry-level patterns shown in Figure 3,
there is very little correlation between our exposure to robots measure and other major economic
trends affecting US labor markets, such as the exposure to imports from China, the replacement
of routine jobs, overall capital deepening and investments in IT capital. This is reassuring for
the interpretation of the results we present in the next subsection.

Are commuting zones with a high exposure to robots adopting more industrial robots as
our model predicts? Though data on robots adoption at the commuting zone are not available,
in Figure 6 we provide evidence of greater robot-related activities in exposed commuting zones
using the data on integrators from Leigh and Kraft (2018). The figure shows the residual plot of
the log of one plus the number of integrators in a commuting zone against exposure to robots (as
in most figures that follow, we partial out the covariates from our main specification in column
4 of Table 2, which we describe below). The blue dashed line corresponds to the regression
relationship after the top one percent of commuting zones with the highest exposure to robots
are excluded.' In both cases we see a positive association between exposure to robots and the
number of integrators in a commuting zone. Table A6 shows that this relationship is robust to

alternative specifications and to different ways of measuring robot integrator activity.

9These are Alpena, MI; Defiance, OH; Detroit, MI; Houghton Lake, MI; Lansing, MI; Lorain, OH; Mount
Pleasant, MI; Saginaw, MI; Sault Ste. Marie, MI; Wilmington, DE.
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5.2 Reduced-form Results for Employment and Wages

Table A7 in the Appendix provides a first look at how commuting zones with different exposure
to robots differ. Columns 2-5 present the mean for various outcomes and covariates by quartiles
of exposure to robots. Three patterns are notable. First, among the covariates, the only four
variables that show significant differences between high and low exposure commuting zones
are the shares of manufacturing employment and light manufacturing employment, the share of
female workers in manufacturing employment, and imports from China, and we control for these
variables in our base specification (the positive correlation with imports from China disappears
once we condition on manufacturing employment). Second, across commuting zones at different
quartiles of exposure to robots, there are no differences in hourly wages in 1990 and only small
differences in our main employment variable, private employment to population ratio in 1990
(which excludes public employment and self-employment). Finally and most notably, from 1990
to 2007, more exposed commuting zones experienced more negative labor market trends.

To explore these patterns in detail, we estimate reduced-form specifications similar to equa-
tion (13). We regress changes in employment to population ratio and log wages on our measure
of exposure to robots computed from the European data. The identifying assumption is that the
commuting zones that house industries with significant improvements in robotics technologies
are not experiencing other shocks or trends affecting their labor markets. We discuss threats to
the validity of this identifying assumption and report IV specifications later in this section.

Table 2 presents results for a long-differences specification for 1990-2007, where we regress
the change in employment to population ratio or log hourly wage between 1990 and 2007 on
the exposure to robots variable for the same period. We end our sample in 2007 to avoid the
potentially confounding effects of the Great Recession, and present results for a longer time
window in the Appendix.?’ The table focuses on our two main outcome variables: the (private)
employment to population ratio in Panel A and log hourly wage in Panel B.?! Our baseline
specifications are weighted by population in 1990 and report standard errors that are robust
against arbitrary heteroscedasticity and correlation within US states in parentheses.

Column 1 presents a parsimonious specification that only includes Census division dummies
as covariates. In Panel A we estimate a strong negative relationship between exposure to robots
and employment changes in a commuting zone with a coefficient of -0.38 (standard error = 0.08).
This estimate implies that an increase of one robot per thousand workers in our exposure to

robots measure is associated with a relative decline in employment of 0.38 percentage points.?

20To match the time window over which we measure the adjusted penetration of robots, we rescale the outcomes
to a 14-year equivalent change. In particular, for each variable, we define long differences as (y2007 — y2000) + 0.7 X
(Y2000 — Y1990)-

2Bquation (13) has change in log employment on the left-hand side. We estimate this relationship in Table
A12 in the Appendix, but opt for employment to population ratio as our baseline because it is the standard
specification in the literature.

22 A difference in exposure of one robot per thousand workers between 1993 and 2007 (from EURO5) is approx-
imately the increase in US exposure to robots over the same time period. It also corresponds to the interquartile
range of this variable (between Pittsburgh, PA at the 75th percentile and Omaha, NE at the 25th percentile).
The difference in exposure between the 1st percentile (West Palm Beach, FL) and the 99th percentile (Detroit,
MI) is much larger—about 9 robots per thousand workers.
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In column 2 we control for demographic characteristics in 1990, specifically, the log of popu-
lation; the share of males; the share of population above 65 years; the shares of population with
high school, some college, college (including professional degrees) and post-graduate (masters
and doctoral) degrees; and the shares of Whites, Blacks, Hispanics and Asians in the popula-
tion. Since our regression specification is in changes, these controls allow for differential trends
by these baseline demographic characteristics. Their inclusion reduces our estimate of the impact
of exposure to robots on employment to population ratio slightly to -0.36.

In column 3, we control for the baseline shares of employment in manufacturing, light man-
ufacturing, mining and construction, as well as the share of female workers in manufacturing
employment.?® These controls allow for differential trends by the baseline industrial structure
of a commuting zone and ensure that our exposure variable does not proxy for other trends
affecting manufacturing employment. These controls have little impact on our coefficient of
interest, which now stands at -0.41 in Panel A, and is more precisely estimated with a standard
error of 0.05 (the coefficient estimates for these controls are shown in Table A9).

In column 4 we control for other changes that have impacted labor market outcomes during
our period of analysis: imports from China between 1990 and 2007 and the decline of routine
occupations proxied by their baseline shares in employment (see Autor, Dorn and Hanson,
2015). Consistent with the patterns shown in Figure 3, these controls have little impact on our
estimates. The point estimate remains at -0.41 (standard error = 0.05).

Figure 7 provides a residual regression plot for our specification from column 4 in Panel A,
with the regression estimate depicted with the solid line. The presence of a number of commuting
zones with very large exposure to robots is apparent. Column 5 demonstrates that the negative
relationship between exposure to robots and employment is not due to these commuting zones by
reestimating the specification in column 4 after excluding the top one percent commuting zones
with the greatest exposure. The coefficient estimate in Panel A increases to -0.52 (standard
error = 0.14). The blue dashed line in Figure 7 shows this estimate visually.

Finally, column 6 shows that the results are similar with unweighted regressions. In a
specification as in column 4, we now estimate a coefficient of -0.42 (standard error = 0.09).

Panel B presents results for log hourly wage for the same specifications. Because wages are
only available for employed workers, and our evidence in Panel A suggests that employment
declines in more exposed commuting zones, we present estimates adjusted for changes in the
composition of wage earners. Specifically, we now use change in average log wage between
1990 and 2007 for each of the 500 demographic cells in a commuting zone as our left-hand side

variable (we simultaneously control for a full set of cell dummies).?* Because in this case we have

23As shown in Table A7 and discussed above, the shares of employment in manufacturing and light manu-
facturing and the share of female workers in manufacturing employment differ between high and low exposure
commuting zones. In addition, Table A8 in the Appendix shows that these variables, as well as the share of
employment in mining, remain correlated with either exposure to robots, exposure to robots in the automo-
tive industry (which we use in Table 5 below) or exposure to robots in the remaining industries. Following the
recommendation in Goldsmith-Pinkham, Sorkin and Swift (2018), we include these variables as covariates.

24For each demographic group ¢ in commuting zone ¢, we compute the long difference of average log hourly
wage AlnW,, as explained in footnote 20. We then regress AlnW,, on the exposure measure for commuting
zone ¢ and control for a full set of group fixed effects.
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multiple observations for each commuting zone—one for each demographic group—we weight
each observation by the size of the demographic group in the commuting zone in 1990. The
estimates show negative effects on wages. In column 4, when we control for all of our baseline
covariates, the coefficient estimate is -0.77 (standard error = 0.11). This implies that an increase
in exposure to robots equivalent to one more robot per thousand workers is associated with a
relative decline in hourly wages of 0.77 percent. Figure 7 depicts this estimate as well.

We next turn to stacked-differences models where we exploit variation over two periods:
1990-2000 and 2000-2007 (the former converted to a seven-year change for consistency). Panel
A is for employment and Panel B is for log hourly wage. The first six columns have the same
structure as those of Table 2. In both panels, the estimates are more negative than before and
remain precisely estimated. For example, in column 4 of Panel A the coefficient of interest is
-0.51 (standard error = 0.05), while in Panel B the estimate for log hourly wage increases to
-1.3 (standard error = 0.16). The bottom panels of Figure 7 present these stacked-differences
estimates visually, separately marking observations from the two periods and showing that the
negative relationship is present for both periods.

The stacked-differences model focuses on the differential changes in exposure to robots be-
tween these two time periods and also enables us to control for linear commuting zone trends.
Although this specification is demanding and exploits a different source of variation than long
differences, we still estimate a similar negative impact of the exposure to robots on both em-
ployment and wages. In column 7, for example, the estimates for employment and wages are,
respectively, -0.4 (standard error = 0.07) and -1.27 (standard error = 0.24). These findings
bolster our confidence that exposed commuting zones are not simply on a differential trend
unrelated to advances in robotics technology.

We obtain similar patterns when we use more recent data as shown in Table A10 in the
Apendix, which presents results for the entire period 1990-2014 as well as for 2000-2007 and
2000-2014 (periods for which we estimate IV models below).

5.3 Other Labor Market Outcomes

In the Appendix, we investigate the impact of exposure to robots on a range of other labor
market outcomes. Table A1l shows robust negative effects on employment in manufacturing,
which is relevant since robots are adopted mostly in manufacturing and substitute directly for
production workers in this industry (see also Acemoglu and Restrepo, 2018d).

Tables A12 and A13 look at alternative measures of employment and wages. These include
private employment to population ratio including self-employment, the total employment to
population ratio including public employment and self-employment, employment counts from
the CBP and the NHGIS divided by population, the log of employment, the log of weekly and
yearly wages, and the log of wage bill from the CBP. Both in the long-differences and stacked-
differences specifications, the results are broadly similar with all of these measures.

Table A12 also explores what happens to the nonemployed by looking at the participation

and unemployment margins. We estimate a positive impact of exposure to robots on the non-
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participation and unemployment rates. Quantitatively, our estimates imply that about three
quarters of the additional nonemployed drop out of the labor force, while a quarter remain
unemployed. In line with the rise in nonparticipation, in Table A14 we estimate increased use
of SSA retirement and disability benefits and other government transfers. Table A15 explores
the response of migration. Some of our estimates show a negative impact on population and
net migration (computed from the IRS data), though these effects are neither consistent across
specifications nor precisely estimated. Quantitatively, they imply that the migration responses
are about one fifth of the size of the employment responses.?’

Finally, we also use data from the BEA and the IRS to estimate the impact of robots on wage
and non-wage income separately. Our estimates in Table A16 in the Appendix show precise and
large negative effects on wage income, and no significant impact on non-wage income, which

is consistent with the notion that owners of robot integrators and firms introducing robotics

technology are not necessarily located in exposed commuting zones.

5.4 Pre-trends

There are two main threats to the identifying assumption behind our estimates. First, the in-
dustries that have been adopting more robots over the last two decades (in the United States
and Europe) could have already been on a downward trend because of declining demand, in-
ternational competition, other technological changes or worsening labor relations. Second, the
commuting zones that house the industries that are adopting more robots may be affected by
other negative shocks. In either case, our estimates might confound the impact of robots with
these pre-existing industry and commuting zone trends.?®

Our analysis in Section 4, which demonstrates that the penetration of robots in EU RO5 is
not correlated with industry pre-trends or with other major sources of changes in labor demand,
is reassuring for the first threat. Moreover, the fact that value added has expanded in industries
with the greatest penetration of robots suggests that our measure is not correlated with negative
demand shocks to industries. Regarding the second threat, our stacked-differences analysis,
which controlled for commuting zone trends, already established that exposed commuting zones
are not on a differential trend unrelated to robotics technology. These results notwithstanding,
we next investigate these issues directly by checking for pre-trends (which could result from both
types of concerns) and by controlling for other trends at the industry or commuting zone level.

Panel A of Table 4 shows that there are no significant pre-trends. Specifically, we estimate
the relationship between exposure to robots and the change in the employment to population
ratio (columns 1-4) and the change in log hourly wage (columns 5-8) between 1970 and 1990.

Our base specification, in columns 2 and 6, shows that there is no quantitatively or statistically

25For example, using our baseline specification from column 4 of Table 2 and comparing this to the equivalent
specification in column 4 of Table A15 in the Appendix, we see that an increase of one robot per thousand workers
in our exposure measure reduces total employment by 1.4 percent, of which 0.3 percent is explained by the decline
in population and 1.1 percent is explained by the decline in the employment to population ratio.

26We provide evidence against possible violations of our identifying assumption coming from international
factors that may impact both US and European robots adoption in Table 6 below.
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significant association between exposure to robots and pre-1990 changes in employment or wages.
The picture is similar when we exclude highly-exposed commuting zones in columns 3 and 7 or
when we report unweighted specifications in columns 4 and 8. These results are summarized
in Figure 8, which presents residual plots for employment and wages from the specifications in
columns 2, 3, 6 and 7. In Table A17 in the Appendix, we confirm that there are also no pre-
trends in other key labor market variables for which we can extend the sample back in time—in
particular, for manufacturing employment, the employment rate including self-employment and
the public sector, the non-participation rate, the unemployment rate and log weekly wages.

Panel B of Table 4 investigates potentially confounding industry trends. Specifically, we
present estimates that control for predicted employment declines based on a Bartik-style measure
of past industry trends. To construct this measure, we use the 19 IFR industries and interact
their national log employment decline between 1970 and 1990 with their baseline employment
share in 1970 in each commuting zone. Though the coefficient of this Bartik measure of industry
decline is negative, and significant in a few specifications, the point estimates for exposure to
robots remain unaffected. These results are encouraging for our interpretation that the exposure
to robots variable is not proxying for declining industries.?”

Finally, Panel C goes one step further and directly controls for the 1970-1990 change in
employment to population ratio or hourly wages on the right-hand side of our baseline specifi-

cations. This control has no effect on our parameter estimates from Table 2.

5.5 The Role of the Automotive Industry

As shown in Figure 3, from 1993 to 2007 the automotive industry adopted more robots than
any other sector.?® This raises the concern that our estimates may be confounded with other
changes affecting this sector.

To address this concern, in Table 5 we decompose our measure of exposure to robots in two
parts; one exploiting the penetration of robots in the automotive industry and the other one
exploiting the penetration of robots across all other industries. We then include both of these
measures on the right-hand side of our employment and wage regressions. The table presents
both long-differences (columns 1-3) and stacked-differences (columns 4-6) specifications. Panel
A is for employment, while Panel B is for wages. In both panels, we find that the effects of
exposure to robots in the automotive industry is very similar to those of exposure to robots in
other sectors (and we never reject the hypothesis that the coefficients of these two variables are

equal). These results are reassuring both because they indicate that our results are not solely

2"One could also construct a similar Bartik-like measure from contemporaneous declines in employment. But to
the extent that, as we have already shown in Table 1, robot adoption is associated with industry-level employment
declines, this variable would be a “bad control.” Nevertheless, in Table A18 in the Appendix, we continue to
estimate relatively precise negative impacts of exposure to robots on employment and wages when we control for
this variable, though the point estimates are smaller than our baseline estimates.

28In the raw data, the share of employment in the automotive industry explains 67 percent of the cross-
commuting zone variation in exposure robots. Table A19 in the Appendix shows that the automotive industry
has the highest Rotemberg weight, which ranges from 50 to 90 percent in the specifications presented in Table 2 (see
Goldsmith-Pinkham, Sorkin and Swift, 2018). In our stacked-differences specifications in Table 3, this industry
also receives a large weight, but only during the 2000-2007 period when its robot penetration accelerated.
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driven by the automotive industry and also because they suggest that the effects of robots in

different sectors are similar.

5.6 Robots, Capital and Other Technologies

Our model demonstrates that capital deepening and technological changes that do not involve
automation of tasks previously performed by labor should have very different impacts on the
labor demand because they do not generate a displacement effect. We now investigate the
effects of capital deepening, IT capital and general increases in value added and productivity on
employment and wages both to see how these differ from the effects of robots and to verify that
controlling for these trends does not change our key estimates (which we expect to be the case
since we have already shown in Figure 3 that these other trends are uncorrelated with robots).

Table 6 presents the results from this exercise. We again report both long-differences and
stacked-differences specifications. The first four columns are for employment while the next
four are for wages. In Panel A, we control for a Bartik-style measure of the percent increase in
the capital stock across industries. In Panel B, we control for a Bartik measure of the percent
increase in IT capital, while in Panels C and D, we control for similar Bartik measures for
increases in value added and TFP by industry.

The inclusion of these variables has little effect on our estimates of the impact of robots. More
importantly, and in line with our theoretical emphasis that automation is conceptually different
from overall productivity increases, capital deepening and other types of technological changes,
these variables themselves are either not significant or when they are significant, they have a
positive effect, which suggests that other types of capital equipment and even IT capital tend
to increase the demand for labor (see Table A20 in the Appendix for similar results with other
measures of computer technology). This result underscores the possibility that industrial robots

might have a very different impact on labor demand than other (non-automation) technologies.

5.7 International Competition

A direct threat to our IV strategy is that, as noted in footnote 3, international competition may
affect robot adoption decisions both in the United States and Europe, or investments in robots in
the countries that are most advanced in robotics technology, Germany, Japan and South Korea,
may increase international competition for US industries. Panel D of Table 6 investigates this
issue and shows that our estimates of the effects of robots are very similar when we control for
exposure to imports from Mexico, offshoring and total exports from Germany, Japan and South
Korea. Moreover, none of these variables appear to be significant determinants of employment

or wages across US commuting zones.

5.8 Other Robustness Checks

The Appendix reports additional robustness checks. First, Tables A21 and A22 show that the

exact construction of exposure to robots does not affect our results. We report estimates where
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this measure is computed from the average of all European countries and from the average
of FURO5 plus Germany, and a specification where we use the 1990, rather than the 1970,
employment distribution. In addition, we also report estimates using a Bartik measure using raw
penetration of robots (rather than our theory-derived measure based on adjusted penetration
of robots) and from a specification where we weight each industry’s adjusted penetration of
robots by the average cost of robots in that industry. In all cases, the reduced-form estimates
using these alternative measures of exposure are negative and significant, and the IV estimates
reported in column 7 of Tables A21 and A22 are similar to those in Table 7 below.

Table A23 explores the role of outliers. Our results are robust when we exclude Detroit
(the commuting zone with the highest exposure to robots), when we exclude observations with
residuals above or below 1.95 standard deviations, when we estimate Li’s (1985) robust regression
which downweights influential observations, and when we estimate median regressions.

Table A24 shows that our results are also robust to controlling for a full set of state fixed
effects, to allowing for mean-reverting dynamics in employment and wages by including the
baseline value of the dependent variable, and to controlling for contemporaneous changes in all
of our baseline demographic variables.

Finally, Table A25 in the Appendix reports results with alternative exposure measures con-
structed from Graetz and Michaels’s (2018) replaceability index, which measures the fraction of
tasks in an industry that can be automated, and BCG’s classification of industries that provide
greatest opportunities for automation. It is reassuring that these alternative measures still yield

uniformly negative and significant estimates.?”

5.9 IV Estimates

We next use our measure of the US exposure to robots to compute two-stage least squares
(2SLS) estimates of 3 and 8" in equation (13). Figure 2 already showed the close association
between the industry-level spread of robots in the United States, AP R; (2004,2007), and in Europe
as captured by mi7(199372007). Figure A3 in the Appendix depicts our first-stage relationship
by plotting US exposure to robots at the commuting zone level computed using AP R; (2004,2007)
against exposure to robots computed using T_P.Ri,(199372007).

Table 7 reports our IV estimates for the long-differences specifications analogous to those in
Table 2 and also reports the corresponding first-stage coefficients and F-statistics (Table A26 in
the Appendix reports the OLS estimates). Because we will use the IV estimates to quantify the
aggregate implications of robot adoption, we focus on the population-weighted specifications.
Columns 1-3 are for employment to population ratio and columns 4-6 are for the log hourly
wages. The first two columns in each block are the analogues of the specifications in columns
1 and 4 in Table 2, while columns 3 and 6 estimate models in which baseline industry shares
are used as instruments following Goldsmith-Pinkham, Sorkin and Swift (2018); these columns

also report overidentification tests for the validity of the source of variation coming from each

2We do not report IV estimates using these variables because the implied identification restriction is less
plausible; for example, replaceable tasks may be automated by other, non-robot technologies.
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one of these industries. The identifying assumption behind these models now requires that all
industry shares in 1970 are exogenous (and is thus much more demanding than the identifying
assumption in our baseline IV specification, which simply requires that commuting zones with
higher exposure to robots are not experiencing differential labor market trends for other reasons).

Panel A covers our baseline period, 1990-2007. Panel B also focuses on 1990-2007, but
constructs the US exposure to robots by imputing US industry data using the aggregate US
change between 1993 and 2004 rather than rescaling the 2004-2007 industry data. Panel C is
for 1990-2014, while Panels D and E focus on time windows for which there is a close overlap
with US robots data, 2000-2007 and 2000-2014. In all cases, the 2SLS estimates are negative
and precise for both employment and wages. Our base estimates in columns 2 and 5, Panel A,
which we will use in our quantitative evaluation in the next subsection, are -0.38 (standard error
= 0.08) for employment and -0.71 (standard error = 0.14) for log hourly wage.?’

The estimates using all baseline industry shares as instruments are similar, -0.29 (standard
error = 0.046) for employment and -0.55 (standard error = 0.08) for wages in Panel A. The
overidentification tests do not reject the hypothesis that all baseline shares are valid instruments

at 5 percent except for employment in 1990-2007 and marginally for wages for 1990-2014.

5.10 Quantitative Magnitudes

The IV estimates in the previous subsection quantify the impact of one additional robot per
thousand workers on employment and wages of a commuting zone relative to other regions. Our
estimates in columns 2 and 5 in Panel A, for example, imply that the adoption of one additional
robot per thousand workers in a commuting zone reduces its employment to population ratio by
0.38 percentage points (or by one percent) and hourly wages by 0.71 percent relative to other
regions. Equivalently, these numbers imply that one more robot reduces employment by about 6
workers in the affected commuting zone relative to others.?! These are sizable magnitudes, but
not implausible since they include both the direct effects of robots on employment and wages in
a commuting zone and any indirect effects resulting from the decline in local demand following

the loss of local employment and wage income.>?

39The IV estimate for employment is about 40 percent smaller and the estimate for wages is about 40 percent
larger for 1990-2014 in Panel C. This might reflect the fact that as wages have continued to adjust in the affected
commuting zones, some of the initial employment response may have been reversed.

31The increase of one more robot per thousand workers between 1993 and 2007 is equivalent to an increase of
0.6 robots per thousand people or a total increase of 120,000 robots. Consequently, our estimates imply that this
increase led to a 0.38 percentage points lower employment to population ratio, which is equivalent to one robot
reducing employment by 6 (= 0.0038/(0.6/1000)) workers. Equivalently, the increase of 120,000 in the stock of
robots during this period is predicted to have reduced employment by 756,000 jobs. We obtain a reduction in
employment of 720,000 jobs (or about 4 jobs per robot) if we use the estimate for 1990-2014 from Panel C together
with the larger increase of 180,000 in the stock of robots over this longer time period.

32These magnitudes can be compared to the size of the effects from exposure to imports from China using the
stacked-differences estimates from Table A9 in the Appendix, which correspond to the specification used in Autor,
Dorn and Hanson (2013). The implied quantitative magnitude from the national rise in Chinese imports for a
commuting zone with the average exposure to Chinese imports (compared to a no exposure commuting zone)
is a decline of about one percentage point in the employment to population ratio, almost three times the 0.38
percentage points implied decline from the adoption of robots.
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The more challenging question is how much (and whether) employment and wages in the ag-
gregate decline in response to the adoption of industrial robots. As emphasized in Proposition 3,
when commuting zones interact through trade and capital markets, our local IV estimates do not
directly translate into aggregate effects because robot adoption in one commuting zone reduces
the costs of goods consumed in other areas and generates capital gains shared by households in
these areas. To explore these aggregate implications, we need to make further assumptions on
cross-commuting zone spillovers (and this suggests greater caution in interpreting these aggre-
gate estimates than the local effects discussed in the previous paragraph).

We assume that Proposition 3 provides a reliable approximation to these cross-commuting
zone interactions and then use our regression evidence and external information to discipline the
key parameters of the model. Specifically, we use equations (9) and (10) in Proposition 3, which
provide expressions for 87, and By in terms of the underlying parameters of the model as well
as the labor share. We then use information on the labor share and the parameters o, X\, a, m
and yp7 /L, and solve for the values of the inverse of the Frish elasticity of labor supply, ¢, and
the inverse of the elasticity of the robot supply, n, that are consistent with our IV estimates, 3 I
and BW- Using these estimates, we then compute the aggregate implications of robots using our
model. Proposition A7 in the Appendix provides formulas for the aggregate effects of robots on
employment and wages as a function of i and e.

Our parameter choices are as follows: (1) 0 = 1 as the elasticity of substitution between
different industries (e.g., Oberfield and Raval, 2014); (2) A = 5 for the elasticity of substitution
between traded varieties, which follows the trade literature (e.g., Simonovska and Waugh, 2014;
and Head and Meyer, 2015); (3) s = 0.9916 as the baseline share of labor in task production,
which is implied by the number of robots in US industries in 1993;3 (4) @ = 0.67, which together
with the estimate for s implies an initial labor share of approximately 2/3 in all commuting
zones; (5) ¢ = 0.25, which matches the share of employment in the tradable or manufacturing
sector, which is 18 percent; (6) m9 = 0.3, which, in line with the evidence surveyed in BCG
(2015), implies that robot adoption reduces costs by about 30 percent; (7) vas/vr = 3, which
implies that in automated tasks a robot performs, on average, the work of three workers (an
estimate supported by the engineering literature surveyed in Groover et al. 1986); and (8)
1 = 0.02, which is consistent with a marginal propensity to consume leisure of 10 percent (see
Imbens, Rubin and Sacerdote, 2001).

Given these parameter values, equations (9) and (10) yield n = 0.72 and ¢ = 0.16. The
estimate for 1 implies a fairly inelastic supply of robots to the local economy, which limits the
productivity gains from the adoption of robots, and instead generates rents for robot integrators.
If we suppose that local robot services are provided by combining (elastically supplied) robotics
equipment and (mostly inelastically) supplied services of robot integrators, this estimate is
equivalent to the share of the inelastic component of the services of integrators in the total cost

of robots being about n/(1 4 1) = 0.42. Since the share of local robot integrators in total costs

33In Propositions 2 and 3 we simplified the exposition by focusing on the case where 6y = 0, which implied a
share of labor in task production equal to s¥ = 1. Our more general expressions in Proposition A2 and A6 show
the role of this share.
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is about 0.66 (Leigh and Kraft, 2018), this number implies that about two thirds of the services
they provide are inelastically supplied to the local economy. The estimate for ¢, on the other
hand, implies an elastic response of labor supply. This estimate is in line with the “macro”
Frisch elasticities that are consistent with the observed relationship between employment and
wages in the aggregate (see Table 1 in Chetty et al., 2011).

Using these parameter estimates, we compute the aggregate effects of robots. One more
robot per thousand workers is predicted to reduce aggregate employment to population ratio
by 0.2 percentage points (or 400,000 jobs), which is equivalent to one more robot reducing
employment by 3.3 workers, and aggregate wages by 0.37 percent.?* At these parameter values,
about two thirds of the decline in the demand for labor in an exposed commuting zone is driven
by the contraction of the nontradable sector (which is consistent with the significant decline in
construction, retail and personal services that we document in the next section). Our model
also implies a 0.33 percent increase in the productivity of the tradable sector, a sizable capital
gain of 1.74 percent, and a 136 percent increase in industrial robot utilization, which roughly
matches the 139 percent increase in the stock of robots observed during this period.

Table A28 in the Appendix considers variations in the values of the key parameters, o, A,
7o, Ym /L and 1, and shows that both the implied values of 7 and & and the resulting aggregate

effects are not sensitive to reasonable variations.

6 EFrFFECTS BY INDUSTRY, OCCUPATION, GENDER AND SKILL

This section investigates how exposure to robots has impacted employment in different industries
and occupations as well as the employment and wages of workers with different characteristics.
The top panel in Figure 9 presents estimates of the effects of exposure to robots on em-
ployment in different industries. We present point estimates and confidence intervals for the
long-differences specifications analogous to columns 4, 5 and 6 in Table 2 (Figure A4 in the Ap-
pendix presents estimates from analogous stacked-difference models). The figure shows that the
effects of robots concentrate in manufacturing (as shown as well in Table A11), and especially in
heavily-robotized industries, which include automotive, plastic and chemicals, metal products,
basic metals, and electronics. There are no significant effects on the remaining manufacturing
industries. Consistent with the indirect effects on nontradables discussed in Section 2.2 and the
previous section, we find negative effects on construction and retail and personal services. The
only two sectors that show positive effects in some specifications are agriculture and education,
health care and the public sector (although these estimates are neither precise nor robust).
The bottom panel in Figure 9 presents analogous results for employment by occupation.

In line with our expectations, the negative employment effects of robots are mostly in routine

34The aggregate effects are broadly similar if we use the IV estimate for 1990-2014 from Panel C of Table 7. In
this case, the same procedure leads to n = 0.88 and € = 0.35, which imply that one additional robot per thousand
workers reduces employment by 0.14 percentage points and hourly wages by 0.56 percent. Thus, the increase of
180,000 robots during this period is estimated to have reduced aggregate employment by 414,000 jobs and hourly
wages by 0.84 percent.
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manual occupations, and in particular, in blue collar occupations such as machinists, assem-
blers, material handlers, and welders. Workers in these occupations engage in tasks that are
being automated by industrial robots, so it is natural for them to experience the bulk of the
displacement effect created by this technology. We do not estimate positive employment effects
in other occupations, suggesting that, at least locally, the productivity gains from the use of
industrial robots have not resulted in an expansion of employment in non-automated tasks.

Figure 10 in the main text and Table A27 in the Appendix investigate the employment and
wage effects by gender. We estimate negative effects both for men and women. Quantitatively,
the effects are larger for men. For example, with our baseline specification in long differences,
reported in Figure 10 and in column 1 of Table A27, the effect of exposure to robots for the
employment to population ratio of men is -0.53, while for women it is -0.3. Table A27 also
shows that the decline for male employment is concentrated in manufacturing, while the decline
in female employment is more pronounced in nonmanufacturing.

Figure 10 also shows the impact of robots on employment and wages for workers in different
education groups. We present estimates for all workers, for men and for women separately.
We see negative employment and wage effects for workers with less than high school, with a
high school degree, with some college and with a college degree (including professional degrees),
both for men and women. We find it surprising that there is no positive effect on workers
with postgraduate (masters or doctoral) degrees. One interpretation is that this result reflects
a combination of reduced demand for the nontradable sector where many of these workers are
employed and the fact that, in contrast to other computer-assisted technologies, industrial robots
are not complementing any well-defined group of workers.

Finally, Figure 11 investigates the impact of robots on the wage distribution by estimating
quantile regressions (using our baseline specification from column 4 of Table 2). For all workers,
we estimate negative and significant effects below the 35th percentile of the wage distribution.
When we focus on workers with less than college, the negative and significant effects extend all
the way up to the 85th percentile, while for workers with a college degree, the negative effects
concentrate below the 15th percentile. Overall, these results confirm that the negative wage

effects of robots are mostly at the bottom and the middle of the distribution.

7 CONCLUDING REMARKS

The spread of robots, artificial intelligence and other automation technologies has raised concerns
about the future of jobs and wages. Nevertheless, there is relatively little work on the equilibrium
effects of new automation technologies and especially of robots. In this paper, we estimate the
impact of industrial robots between 1990 and 2007 on US local labor markets. We start with
a simple task-based model in which robots compete against human labor in the production of
different tasks. This model clarifies why robots, and automation technologies more generally,
which displace workers from tasks they were performing, have very different labor market effects

than other types of technological changes and overall capital deepening. It also demonstrates
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that both with and without trade between local labor markets, advances in robotics may have
a positive or negative impact on employment and wages. Their positive impact comes from the
productivity effect, while their negative impact is a consequence of the direct displacement of
workers by robots. Moreover, in this class of models, the local labor market effects of robots
can be estimated by regressing the change in employment and wages on the exposure to robots
in each local labor market—where the exposure to robots is defined from industry advances in
robotics technology and the distribution of industrial employment across local labor markets.

In our empirical work, we focus on variation in robot adoption coming from the technological
frontier (proxied by trends in other advanced economies). This enables us to purge exposure
to robots from potentially endogenous trends in US industries. Using this methodology and
approximating local labor markets with commuting zones, we estimate large and robust negative
effects of robots on employment and wages. We show that commuting zones most affected
by robots in the post-1990 era were on similar trends to others before 1990, and that the
impact of robots is distinct and only weakly correlated with the prevalence of routine jobs,
the impact of imports from China, imports from Mexico, offshoring, IT capital, and capital
deepening. Moreover, consistent with our theoretical emphasis, robots are estimated to have
very different effects than I'T technologies and overall capital deepening. Our estimates imply
that each additional robot per thousand workers reduces local employment to population ratio
by 0.38 percentage points and wages by about 0.71 percent. Because of the benefits of robots
adoption for other commuting zones resulting from trade, the implied aggregate effects are
somewhat smaller—one additional robot per thousand workers reduces aggregate employment
to population ratio by 0.2 percentage points and aggregate wages by 0.38 percent.

Because there are relatively few robots in the US economy, the number of jobs lost due to
robots has been limited so far (a 0.2 percentage point decline in the employment to population
ratio or equivalently about 400,000 jobs). However, if the spread of robots proceeds as expected
by experts over the next two decades (e.g., Brynjolfsson and McAfee, 2014, especially pp. 27-32,
and Ford, 2015), the future aggregate implications of the spread of robots could be larger. For
example, BCG (2015) offers two scenarios for the spread of robots over the next decade. In their
aggressive scenario, the world stock of robots will quadruple by 2025. This would correspond to
5.25 more robots per thousand workers in the United States, and with our estimates, it would
lead to a one percentage point lower employment to population ratio and two percent lower
wage growth between 2015 and 2025. Their more conservative scenario involves a less than
threefold increase in the stock of robots, and would correspondingly have a more modest impact
(a reduction of 0.6 percentage point decline in the employment to population ratio and one
percent lower wage growth). Crucially, however, any extrapolation about the future effects of
robots should acknowledge not only the usual uncertainty associated with such exercises but also
the possibility that some of the general equilibrium effects working through technology might
emerge only slowly (Acemoglu and Restrepo, 2018a), and the response of employment and wages

may be different once robots become sufficiently widespread
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equivalent change). The solid line corresponds to the 45° line. Marker size indicates the baseline
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33



"S90INOS puR ®IRp 9] JO UONdLIISOp ' 10] 1X0) o1 99§ *(pojioduur
oIe R} SOIRIPOULIOIUI JO SIRYS O1[}) SULIOYSHO Ul 9SLAIOUT oY) pue ‘uoljdwnsuod §) 03 dAIJR[AI L)0Z PUR (66T Ueomiaq waIoy] pue uedep
‘Aweurzon) wody syrodwt pue ‘sproduml WedTXa] ‘spI0duI 9Souly) JO aN[eA IR[[OP 9} Ul aseaIdul o1} ([ejides T pue [ejrded Ul asealoul juadIod
o) {(*Y V) L00Z PUR €661 Uoom)aq sjoqol Jo uorjeriouad pajsnlpe o) sjo[d o3y o1} ‘SISATeUr INO UI Pash SILIISNPUL G dYI JO ORI IO

- ‘SNYALLVd AAVYL ANV TVLIdVO [ “TVLIdVD ‘S1Od0Y NI SHONVHO THAHT-AMLSOAN] ¢ FYNDI]

eaJ0y| pue ‘ueder ‘Auewsss) wouy syodx3y 02IX3\ Wody spodw) I Burioysjjo uj ssealou|

euly) wouj suodw| _H_ |euded || ul sseaudu) |eaided ul sseauou| I uonessuad 10qoy I

. .

xepy

SDINIBG saIN uo1PNIISU0) 21n3ndusy Yoieasay
- s
Suiuy snoaue|[esI|y @oedsosae pue 3uipjinqdiys Sunuud pue sadey Aisuiyoepy [euisnpuj s9|Ixe $o1U01103|3 x
r— <
wEEEw™ =wg 7.- | b j} L L ] [} j j

xepy

SOIWeIRD pue Sse|o) 2In1IuIng pue poopy sa3pesanaq pue pooy s|elaw diseg spnpoud [elapy S[edIWaYd pue dnse|d anjowoIny

34



‘A1ysnput Surpuodsal110d o1} Ul juewAo[duro G SUI[ASB( 1} S9YedIPUL 9ZIS Io[IR]N AI}SNPUI SATJOWOINE 1} SUIPN[OXS UOISSOITAT
® I0J SI OUI[ Poysep onyq oy J, A[0A1300dsor ‘T o[qr], JO { [oURJ JO (] UWN[0D PUR ‘Y [PURJ JO ()] UWN[0D ‘g [PURJ JO § UWN[0D ‘Y [ouRJ JO
Q UWINJO0D UT S9)eWIISd Y} 0} Spuodsar1od aur pr[os YT, "L00%-G66T I0] S[PPOW SOOUDIJIP-SUO] WOy sojerse sjussard [oued moljoq oy T,
"(pa1 ur) L00g-000g Pue (MO[[PA Ul) 000Z-€66T 10 SPPOUL SedULISlIP-payor)s Wodj sojewl)se sjuasald [pued doy o, *([oued jysur wo)joq)
aIeys Ioqe[ pue ‘(joued 1jo] W0130q) pappe anfea 301 ‘([oued s doy) juewdordwe 301 ‘(Toued 1go1 doy) [[iq o8em 301 ur soSueyd pue (Y JV)
200 PUe €661 Ueamjaq sjoqol jo uoryerjouad pajsnlpe oy} usemiaq dIysuorje[al o) jo sojemrr)se oy} jo sjord renpisar sjyussord oIndy o J,

"AdAAy dNTVA ANV @YVHS 409VT ‘ANVINEd Y09VT ANV SLO90Y NIAMIAL dIHSNOLLYIHY TAAHT-AMLSOAN] :§ FUNDI]

1002-€66T $30qod jo uonesysuad paisnipy 1002-€66T $30qod jo uonesysuad paisnipy
(114 S€ 0€ 14 0C ST 01 S 0 G- 01- (114 S€ 0€ 14 0C ST 01 S 0 G- 01-
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

T
og-

T
S

@

QUL pUBDseld

-266T 24eys Joge| ut a8uey)

T
ot
(pazijenuue) 200z-¢66T PoPPe @njen ut 35uey)

200¢

s30qoJ 4o uonessuad passnipy s30qoJ 4o uonesisuad paisnipy
Ge o€ Ge 0c ST 01 S 0 G- Ge o€ Ge 0c ST 01 S 0 G-
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

Y ~- O .
- N
<) - S

~ 0661 @oedsoiae pue Suippnqdiyg

T
0

=T
“0c

(532-¥38aN) 1119 a8em’So) u1 a8uey)

T
or
(S30-u3aN) wawikojdws So| ur suey)

0c

r3 o

000 Snoaue|[aasiy

35



500 - 5.20
M2 .64 — 5.00

500 - 9.68
M2 .64 — 5.00

300 - 2.64 300 - 2.64
.75 — 2.00 .75 — 2.00
146 — 175 146 — 175
W129—1.46 W129—1.46
1,08 -1.29 1,08 -1.29
¥0.98 — 1.08 ¥0.98 — 1.08
084 —0.98 084 —0.98

0.67 — 0.84 0.67 — 0.84

0.27 — 0.67 0.27 — 0.67

FIGURE 5: GEOGRAPHIC DISTRIBUTION OF THE EXPOSURE TO ROBOTS
The left panel shows the distribution of the exposure to robots, and the right panel shows the
distribution of the exposure to robots excluding the automotive industry.
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FIGURE 6: EXPOSURE TO ROBOTS AND THE LOCATION OF ROBOT INTEGRATORS.

The figure presents the residual plot of the log of one plus the number of integrators in a
commuting zone against the exposure to robots between 1993 and 2007 after the covariates in
column 4 of Table 2 have been partialled out. The data on the location of robot integrators,
which install, program and maintain robots, are from Leigh and Kraft (2018). The solid line
corresponds to a weighted regression with commuting zone population in 1990 as weights. The
blue dashed line is for a regression excluding the top one percent commuting zones with the
highest exposure to robots. Marker size indicates the 1990 population in the corresponding
commuting zone.
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FIGURE 8: PRE-TRENDS IN EMPLOYMENT AND WAGES.

The figure presents residual plots of the estimates of the relationship between the exposure to
robots and past changes in employment to population ratio 1970-1990 (top panel) and log hourly
wage 1970-1990 (bottom panel) after the covariates in column 2 of Table 4 have been partialled
out. The solid line shows the regression line from a weighted regression with commuting zone
population in 1990 as weights. The blue dashed line is for a regression excluding the top one
percent commuting zones with the highest exposure to robots. Marker size indicates the 1970
population in the corresponding commuting zone.
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FIGURE 10: EFFECTS OF ROBOTS ON EMPLOYMENT AND WAGES BY EDUCATION AND GENDER.
The figure presents estimates of exposure to robots (from the specification of column 4 in Table
2) for changes in employment to population ratio (top panel) and log hourly wage (bottom
panel).
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FIGURE 11: THE EFFECTS OF ROBOTS ON THE WAGE DISTRIBUTION.

The figure presents estimates of the effects of the exposure to robots on different quantiles of the
wage distribution for a specification equivalent to column 4 in Table 2 following the methodology
of Chetverikov, Larsen and Palmer (2016). Estimates for the 5th, 10th, ..., and 95th quantiles
together with their 95% confidence intervals are depicted. The different panels are for all workers,
workers with less than a college degree, workers with a college degree, male and female workers.

41



‘sosoyjuaIed Ul SOLIISTIPUI UIYIIM UOI}R[ALIOD pUR
A9101)SRPaYS0I9)aY Jsurede ISNqol SIOLId PIePURIS ‘gEET Ul AI1SNpUl Aq poppe onfea auljeseq Aq pojydom aIe ()T UWN[OD Ul SUOISSAIZal o) PUR ‘¢GET ul juswidojdwe AI11snpul auljeseq
£q peIySTem oIe G-T SUWN[OD UT SUOTSSIFI o], "S109]Jo Paxy AIsnpul Jo 19s [[NJ © sepnpoul , uwmnjo) *(910g) Te 10 n[Sowedy woy Arsnpul £q sjprodwr eseuryy) o} ainsodxe pue
‘Sunmjoenuew Y31 pue SULINJORJNURW I0J SOIWUWIND I0J [0IJU0D ()] PUR ‘9-G ‘f-g SUWN[O)) ‘SoIuunp poliod oW} Sopn[oul A[UO G UWN[OD PUR ‘S9YRLIBAOD OPN[OUI JOU SOOP | UWN[O))
"MOI UWI03)0( O} Y PIYEIIPUL SI SIYRLIBRAOD JO 39S 9} pue ‘mol doj oyj Ul payedIpul aIe 9SeISA0D 1D} pue ejep Jo sedInos oy, "(g [Pued) L00Z-¢661 ‘@Ieys Ioqe[ pue (y [pued)
L00Z-g66T ‘POPPE onfea So[ I0J S9jeII}sd $0UaILPIP-8uo] sjussard 0T uwmio) (g [Pued) L00¢-000% PUe 000g-¢66T ‘Yusuwoidus Sof pue (v [pued) L00g-000¢ PU® 000Z-€66T ‘M9
a8em 307 10] $99RWIIISS SOOUDIIPIP-Pasde)s Juasald g 04 g suwnjo)) (g [pued) L00g-£661 ‘Yyuswioiduwes Sof pue (v [pued) L00Z-€661 ‘IIIq 9Sem o[ 10J $01eUII)Se S9OUIPIP-Suo] juasord
} 01 T sUWN[O)) 'SOLIISNPUI G[) SSOIOR 9IRS IO(R[ PUR POPPR oN[eA ‘pUBWIOP JO(R[ puR $30qol Jo uorjerjouad pojsnlpe oY) usemijoq diysuorje[pr oYy Jjo sojewrise sjuasold a[qes oy T,

» spua1) oyads-L1psnpuy
» , » » » » » » » sorets Aysnput peorg
.unm“m,:mbﬁhv
9¢€°0 ¥6°0 68°0 €6°0 98°0 L0 €6°0 88°0 06°0 0T'o porenbs-y
61 9¢ 9¢ 8¢ 8¢ 8¢ €1 €1 [ 61 SUOLRAISqO)
(682°0) (8e1°0) (201°0) (86€°0) (¥e10) (¢12°0) (692°0) (97€°0) (9¢°0) (£95°0)
- - . - - - - . e - ‘Ydy ‘s10qoa jo
¥0L°0 L1670 9780 08¢'T 628°0 0LT°T 818°0 8¢L0 659°0 0€L'T uorjerjouad paysnlpy
areys Ioqe] Juowdodue 3oy ur o8ueyy) g (ouRJ
12°0 260 18°0 96°0 16'0 08°0 260 a0 260 LT0 porenbs-yy
61 9% 9 8¢ 3¢ 8¢ 1 4 61 61 SUOIYRAIOS ()
(190°0) (¢91°0) (2€1°0) (575°0) (g61°0) (vez0) (462°0) (89€°0) (807°0) (229°0)
. . . . . . . . . oo YV ‘810401 jo
L110 620°1- £66°0- 't LE0'T- Leg'1- £88°0- 610" £r8°0- 167°e- woeagotod pojsulpy
poppe anfep 111q o8em 3o0[ ut dSuRy)) Y [oURJ
(o) (6) (8) (2) (9) (9) ¥) (¢) (@ )
SIoNIOM STOSToM SIoyIoM SIONIOM SIoIOM SIoyIOoM STOSToM SIoyIoM SIONIOM SIoIOM
SISNIOM [[Y woronpoig SToNIOM [V SIOIOM [[V SToIOM [[V SIONIOM [[Y woronpoig SToIOM [V SISIOM [[V sTasIOM [[V
OHn<mm Aw:ﬂmﬂwoﬁwﬁﬁmﬁm :iETSv WMOvmmmz Awom.zw:ﬁﬁﬁ Zﬂv ﬁMMHO Am:ﬂmﬂuuﬁwﬂiﬁﬂi :MQﬁgv mmolmmmz Awoﬁuwﬂﬁﬁﬁ Zdv mmo
L00¢-2c661
SHONAYHAAATA 2002-000% ANV 000%-£661 SEONIYALAId AAMOV.LS 2002-€66T SAONHYAAAIA DNOT
DNOT

SIINSHY TAAAT-AYLSNANI :ddddV dNTVA ANV ZYVHS 0dVT ‘ANVINAd HOdV'T “mHOmOMM T 4TV ],

42



TABLE 2: THE EFFECTS OF ROBOTS ON EMPLOYMENT AND WAGES: LONG DIFFERENCES

LONG DIFFERENCES 1990-2007

EXCLUDES
WEIGHTED BY POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE
(1) 2) ®3) (4) (5) (6)
Panel A. Change in employment to population ratio, 1990-2007
Exposure to robots -0.385 -0.362 -0.411 -0.410 -0.524 -0.416
(0.082) (0.068) (0.055) (0.053) (0.136) (0.092)
Observations 722 722 722 722 712 722
R-squared 0.26 0.46 0.66 0.68 0.67 0.63
Panel B. Change in log hourly wage, 1990-2007
Exposure to robots -1.122 -0.926 -0.778 -0.770 -0.729 -0.898
(0.141) (0.111) (0.122) (0.109) (0.223) (0.177)
Observations 109906 109906 109906 109906 108157 109906
R-squared 0.28 0.29 0.29 0.29 0.29 0.08
Covariates:
Census division
. v v v v v v
dummies
Demographics v v v v v
Broad industry shares v v v v
Trade and routinization v v v

The table presents estimates of the impact of the exposure to robots on employment and wages. Panel A presents long-
differences estimates for employment to population ratio, 1990-2007. Panel B presents long-differences estimates for log
hourly wage, 1990-2007. The specifications in Panel B are estimated at the demographic cell X commuting zone level, where
demographic cells are defined by age, gender, education, race, and birthplace. Columns 1-5 present regressions weighted by
population in 1990. Column 5 presents results excluding the top one percent commuting zones with the highest exposure
to robots. Column 6 presents unweighted regressions. The covariates included in each model are indicated at the bottom
rows. Column 1 only includes Census division dummies. Column 2 adds demographic characteristics of commuting zones
in 1990 (log of population, share of males, share of population above 65 years, shares of population with high school, some
college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians). Column 3 adds shares
of employment in manufacturing, light manufacturing, construction and mining in 1990, and the share of female workers
in manufacturing employment in 1990. Columns 4-6 add the exposure to Chinese imports from Autor, Dorn and Hanson
(2013) and the share of employment in routine jobs. Standard errors robust against heteroskedasticity and correlation
within states in parentheses.
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TABLE 5: THE ROLE OF THE AUTOMOTIVE INDUSTRY

LONG DIFFERENCES 1990-2007 STACKED DIFFERENCES 1990-2000 AND 2000-2007
‘WEIGHTED BY POPULATION UNWEIGHTED WEIGHTED BY POPULATION UNWEIGHTED
(1) @) ®3) (4) (5) (6)
Panel A. Change in employment to population ratio
Exposure to robots in -0.385 0413 -0.444 -0.563 -0.513 0714
automotives
(0.074) (0.055) (0.121) (0.082) (0.051) (0.120)
Exposure in other -0.385 -0.388 -0.378 -0.668 -0.499 -0.612
industries
(0.208) (0.111) (0.125) (0.290) (0.224) (0.150)
Test for equality of § - .
cocffcients (p-value) [1.00] [0.82] [0.69] [0.71] [0.95] [0.62]
Observations 722 722 722 1444 1444 1444
R-squared 0.26 0.68 0.63 0.25 0.43 0.40
Panel B. Change in log hourly wage
Exposure to robots in -1.092 20.776 0.842 -1.363 1322 -1.598
automotives
(0.098) (0.104) (0.177) (0.151) (0.123) (0.243)
Exposure in other -1.269 0.726 -0.979 -1.888 1123 -1.609
industries
(0.502) (0.288) (0.343) (0.791) (0.795) (0.579)
Test for equality of
coeffcients (p-value) [0.71) [0.85) (0.71) [0.49] [0.80] [0.98]
Observations 109906 109906 109906 236008 236008 257583
R-squared 0.28 0.29 0.08 0.24 0.25 0.08
Covariates:
Division dummies v v v v v v
Baseline covariates v v v v

The table presents estimates of the impact of the exposure to robots separately for the automotive industry and the remaining
industries. Columns 1 to 3 present long-differences estimates for the 1990-2007 period. Columns 4-6 present stacked-
differences estimates for the 1990-2000 and 2000-2007 periods. Panel A presents results for employment to population
ratio. Panel B presents results for log hourly wage. The specifications in Panel B are estimated at the demographic cell x
commuting zone level, where demographic cells are defined by age, gender, education, race, and birthplace. Columns 1-2 and
4-5 present regressions weighted by population in 1990. Columns 3 and 6 present unweighted regressions. The covariates
in each model are reported at the bottom of the table. Columns 1 and 4 only includes Census division dummies. Columns
2-3 and 5-6 add demographic characteristics of commuting zones in 1990 (log of population, share of males, the share of
population above 65 years, shares of population with high school, some college, college and postgraduate education, and
shares of Whites, Blacks, Hispanics and Asians); shares of employment in manufacturing, light manufacturing, construction
and mining in 1990, and the share of female workers in manufacturing employment in 1990; and the exposure to Chinese
imports from Autor, Dorn and Hanson (2013) and share of employment in routine jobs. Also, for each model, we present
the p-value for a test of equality between the coefficients of exposure to robots in automotive manufacturing and in other
industries. Standard errors robust against heteroskedasticity and correlation within states in parentheses.
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TABLE 7: THE EFFECTS OF ROBOTS ON EMPLOYMENT AND WAGES: IV ESTIMATES

CHANGE IN EMPLOYMENT TO POPULATION RATIO CHANGE IN LOG HOURLY WAGE
) ) IV usiNGg IV usiNG
INSTRUMENTED USING EXPOSURE . INSTRUMENTED USING EXPOSURE
TO ROBOTS INDUSTRY TO ROBOTS INDUSTRY
SHARES SHARES
M 2) ®3) (4) (5) (6)
Panel A. Long-differences, 1990-2007
US exposure to robots -0.347 -0.380 -0.291 -1.005 -0.714 -0.549
(0.102) (0.083) (0.046) (0.209) (0.138) (0.082)
Observations 722 722 722 109906 109906 109906
First-stage coefficient 1.11 1.08 1.12 1.08
(0.15) (0.16) (0.15) (0.15)
First-stage F-statistic 52.5 47.4 1414.2 54.9 49.0 1459.7
Overid test p-value [0.029] [0.119]
Panel B. Alternative imputation of US data
US exposure to robots -0.485 -0.531 -0.407 -1.421 -1.010 -0.776
(0.143) (0.116) (0.064) (0.296) (0.195) (0.116)
Observations 722 722 722 109906 109906 109906
First-stage coefficient 0.79 0.77 0.79 0.76
(0.11) (0.11) (0.11) (0.11)
First-stage F-statistic 52.5 474 1414.2 54.9 49.0 1459.7
Overid test p-value [0.029] [0.119]
Panel C. Long-differences, 1990-2014
US exposure to robots -0.269 -0.239 -0.203 -1.243 -1.086 -1.000
(0.107) (0.072) (0.059) (0.142) (0.157) (0.123)
Observations 722 722 722 115180 115180 115180
First-stage coefficient 1.05 1.00 1.06 1.00
(0.08) (0.09) (0.08) (0.09)
First-stage F-statistic 180.0 116.2 1718.9 189.8 120.3 1779.0
Overid test p-value [0.239] [0.046]
Panel D. Long-differences, 2000-2007
US exposure to robots -0.613 -0.647 -0.667 -1.380 -1.287 -1.224
(0.132) (0.076) (0.083) (0.229) (0.181) (0.153)
Observations 722 722 722 131494 131494 131494
First-stage coefficient 0.71 0.68 0.71 0.67
(0.04) (0.05) (0.04) (0.05)
First-stage F-statistic 323.0 166.4 1016.6 337.6 176.1 1048.1
Overid test p-value [0.116] [0.218]
Panel E. Long-differences, 2000-2014
US exposure to robots -0.426 -0.350 -0.353 -1.569 -1.605 -1.578
(0.177) (0.067) (0.069) (0.142) (0.193) (0.181)
Observations 722 722 722 143502 143502 143502
First-stage coefficient 0.83 0.77 0.83 0.77
(0.02) (0.04) (0.02) (0.04)
First-stage F-statistic 1543.6 366.6 1122.1 1650.8 386.5 1174.9
Overid test p-value [0.574] [0.329]
Covariates:
Division dummies v v v v v v
Baseline covariates v v v v

The table presents IV estimates of the impact of the exposure to robots on employment and wages for different time periods.
Panels A and B present results for 1990-2007. Panel C presents results for 1990-2014. Panel C presents results for 2000-2007.
Panel D presents results for 2000-2014. In all models, we instrument the US exposure to robots using the exposure to robots
from EURO5. In Panels A and C-E we rescale the US exposure to robots to match the time period used. In Panel B we
use an alternative imputation strategy for US exposure to robots described in the text. Columns 1-3 present results for
employment to population ratio. Columns 4-6 present results for log hourly wage. The specifications for log hourly wage are
estimated at the demographic cell X commuting zone level, where demographic cells are defined by age, gender, education,
race, and birthplace. All IV estimates are from regressions weighted by population in 1990. The covariates included in each
model are indicated at the bottom rows. Columns 1 and 4 only include Census division dummies. Columns 2-3 and 5-6 add
demographic characteristics of commuting zones in 1990 (log of population, share of males, the share of population above
65 years, shares of population with high school, some college, college and postgraduate education, and shares of Whites,
Blacks, Hispanics and Asians); shares of employment in manufacturing, light manufacturing and construction in 1990, and
the share of female workers in manufacturing employment in 1990; and the exposure to Chinese imports from Autor, Dorn
and Hanson (2013) and share of employment in routine jobs. We also report the first-stage coefficients in columns 1-2
and 4-5, the first-stage F-statistic in all models, and the p-value for Hansen’s overidentification test in columns 3 and 6.
Standard errors robust against heteroskedasticity and correlation within states in parentheses.
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ONLINE APPENDIX (NOT FOR PUBLICATION)

In this part of the Appendix, we provide proofs and generalizations of results in the text.

A1l AUTARKY EQUILIBRIUM

We start with the characterization of the autarky equilibrium, then establish existence and

uniqueness, and prove Proposition 1 and a more general version of Proposition 2.

Characterization of Equilibrium
The first-order condition for the representative household in commuting zone c is

W. = BCYLE. (A1)
Market clearing implies

C., = Y.—1I. (A2)
= Y. - D (14 n) "M,

1
where the second line follows by inverting the production function for robots, M. = D(1+n)I."",

introduced in the text. Combining this with (A1), we obtain
W, =B (Yo— D "1+ )~ M)V LE, (A3)
From the production function for robots we also have
RM = D=1=n(1 4 ) ="M, (A4)

Recall as well that in the autarky model the supply of capital in commuting zone c is taken to
be exogenously given at K. > 0.

Under the assumption that 7, > 0 in all commuting zones, tasks below 8; will be produced

with robots at a cost Ijﬁj and tasks above 6; will be produced with labor at a cost zVL“ Hence,
the marginal cost—and thus the price—of industry ¢ is
1 RK 7% “ 11—«
Py = 0;— +(1-6;)—<) RE". A5
= (0D a-a)t) (49)
Next, define the share of labor in production tasks in industry ¢ as
We
. WL (1—6:;)7
Sei = aPXX ) = RE W . (Aﬁ)
ci “xcr 02# + (1 — 91) ’YLC

Here note that a fraction 1 — « of the total costs of the sector are paid to capital (given the
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Cobb-Douglas technology in (2)), and sZ is the share of labor in the remainder, and thus the
share of labor in the value added of industry ¢ is simply ocscLi.
Because the final good in each commuting zone is taken as numeraire, we also have the

following ideal price index condition,

1= uP¥ . (A7)
€L

Now combining (A5) and (A6), we can express the wage bill in commuting zone c¢ as

WCLC = Z Wchi
€T

L
= g ozsmPCZ X
i€l

From equation (1), the demand for industry 4 in commuting zone ¢ is Xo; = v;PX Y, and

substituting for this, the previous expression can be rewritten as

WeLo =Y ashuPX Y. (AS)
i€l

Similarly, the demand for robots can be expressed as

RMM, =Y a1 - shyPX Y., (A9)
1€
and the demand for capital is
REK.=(1-a)Y.. (A10)

DEFINITION 1 An equilibrium of the autarky model is given by a set of factor prices {W., RM , REK},
factor supplies {L¢, M.}, and level of output Y. for each ¢ € C such that:

e factor supplies satisfy equations (A3) and (A4);
e factor prices satisfy the ideal price index condition, equation (AT);

e factor markets clear, that is, equations (A8), (A9), and (A10) hold.
PROPOSITION Al An equilibrium of the autarky model exists and is unique.

PROOF: The existence of equilibrium can be proved using a standard fixed point argument (as
in the proof of Proposition A5 below). Here we provide a proof exploiting the second welfare
theorem that establishes existence and uniqueness more directly.

Because the autarky equilibrium is a competitive equilibrium in an economy with a repre-

sentative household, from the second welfare theorem any autarky equilibrium is a solution to



the maximization of the utility of the representative household subject to the technology and

feasibility constraints. This problem can be written as

1—1p
max C. -1__B Lite

{Xeci,LeiyMei KeiYier,Le,Me,Ke,Ye,Cele 1 — 1) 1+e ¢
1 o-1 ﬁ
subject to: Y, = ny X, .
€L
M_; L)%
Xei=a *(1—a) 1794, [min{’YMe =, ZL g H K
[ — Us

_1
M, = D(1 + n)I5

Mc = ZMCZ

1€L

Lc = ZLCl
€T

Kc = Z Kci
€L

Y.=1.+C..

The objective function is continuous and strictly concave and the constraint set is convex and
compact. This ensures that this maximization problem has a unique solution, which gives us
the unique equilibrium of the autarky model.ll

Proposition A1 can be generalized to the case where 7, is negative in some commuting zones,
in which case not all technologically automated tasks will be produced with robots as in the

general framework considered in Acemoglu and Restrepo (2018a).

Proofs of Propositions from Section 2.1

PROOF OF PROPOSITION 1: Since the labor share in industry i is asé and that the value added
of this industry is VZ-Pc)fl_JYC, we have

WeLe; = s aVZPXl %Y,.

Using the formulas for s% and P in equations (A5) and (A6), we obtain

cl

1—6; M "
W, Le = ( )5 av PX17%Y,
0 M+(1—9)%

YL
_A-60y
AmP )

(
( 1-a

RK o OH/ZPX Yc



where in the last line we used the fact that REK = (1 — a)¥= (equation (A10)). Simplifying this

K.
expression yields
11—«
1_ o U _ a—1
L= (1) =0 Vel g (A11)
YLAG

Taking logs on both sides and differentiating yields (3). W

In footnote 4, we provided a sufficient condition for (relative) labor demand in industry ¢ to

1/o
'1/a+o—

and note that from equation (3) that dlnL.; = dInY, for industries that are not undergoing

decrease following automation T > 7705 . To prove this claim, differentiate equation (A11)

any automation. Thus, dIln L. < dln L; if

B o+ _1)amp¥
1_01' (0%

1 do;
= <a+ P 1) aSiLchl —291-'

Rearranging this expression yields the desired condition.

We now state and prove a generalization of Proposition 2.

ProprosSITION A2 Suppose that w. > 0 and 6; = 6y > 0. Then

_ dis md L,inc ’l L
dinL.= | =¢8P 4¢P ! a(l —ash sz - (A12)
L Y 1€T
dinW, = <dzsp6 + <prod6ﬂ_c + CWmcLL ) Zﬂ db; L ’ (A13)
1— a(}:—SC) — ‘11— 9, YMm
L n v

where (&7 = (1 — o +1)/Ac, ¢ = sE(L+n)/Ae, 7 = a(sh)?me/Ac, ¢ = ask(m +
me(n — )(1—8 ) — (1—36710)(1—a+77))/Ac, and

Ac:’y—L 1—a+n1—sk)+a(st )2%—%535

™ 1= 1+n

> 0.

Proor: Differentiating (A2) and rearranging, we obtain

1
dinC, = 1 dinY, — (1+mn)dIn M.,

—Llc —Llc

where 1. = I./Y. is the share of robot investment in aggregate output of commuting zone c.

Using the definition of s and equation (A4), this share is equal to . = O‘(;;CL). Taking logs
and differentiating equation (A1) and combining with the previous expression, we obtain
¥
danc:W(dlnY—a(l—s )dIn M) + edIn L. (A14)
1+n



Equation (A4) then yields

dln RM = nd1n M.. (A15)
Differentiating the expression for P and rearranging gives
We R
dIn P =a(1 — sE)dIn RM + asbdin W, + (1 — a)dIn RE — “Pixw
=a(1 — s&)dIn RM + askdin W, + (1 — a)dIn R — am,s flld_ee
1l db;

=a(1 — s&)dIn RM + askdin W, + (1 — a)dIn R — am st =< :
Xei 1- 91
Next taking logs and differentiating equation (A7) and combining it with the previous ex-

pression, we obtain

db;

a(l = s¥)dIn RM + askdin W, + (1 — a)dln RE = asfchaﬂ-m,

1€l

(A16)

where sZ denotes the average labor share of production tasks in commuting zone c¢. When

L L

0; = 6, we have s_; = s./, and

We
L (1 - 90) ~L

c = RK Wc °
Oosar + (1 —bo) L

S

Taking logs and differentiating equation (A8) and combining it with the previous expression, we

obtain
dInW,+dInL. = — (1 — skr.) Zﬁm — (1—s5(dInW. —dinRM) +dInY, (A17)
1€L 0i
+(1-0)) ludn Py
1€T

Note next that

(1—U)Z€mdlnPX (1-o0) ZXCldlnPc)Z-(:O,
i€T €T
where recall that y,; is the share of industry ¢ in value added in commuting zone ¢, and the first
equality follows because asL = ask implies that £, = Y., and the second equality follows from
the ideal price index condition in equation (A7). Using this expression, (A17) can be further

simplified to

dinW,+dlnL, = 1—3 e chz — 1—3 ) (dIn W, —dlnRM)+dlnY (A18)
1€

Using similar steps, we obtain a simplified expression for the demand for robots in equation
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(A9) as

L do;
f;Lu.-ﬁwaEZEdT:ET—sﬂdmyn-qunR¥)+dmyg (A19)
¢ i€l t

dmRy+dmAQ:1

Finally, the demand for capital in equation (A10) implies
dln RK = dInY.. (A20)

Equations (A14), (A15), (A16), (A18), (A19) and (A20) define six linear equations in six
unknowns, and yield a unique solution. The solution gives the formulas for dln L. and dIn W,

in the proposition. B

A similar result holds when we relax the assumption that 6; = 6y > 0, except that because

L varies across industries, there will be additional residual terms in the expressions (A12)

and (A13).

now s

PROOF OF PROPOSITION 2: Our main result then follows immediately as a corollary of Propo-
sition A2 by setting fy = 0, which implies that s = 1. B

Extension: Workers and Capitalists

We now extend Proposition A2 to account for the possibility that non-labor income generated
by automation does not all accrue to workers and instead may go to “capitalists” who do not
supply labor. Let us thus modify the budget constraint of the household, which supplies all
labor to the commuting zone, to

CE < W.L.+ well,,

where w, € [0, 1] denotes the share of non-labor income owned by the household or by “workers”,
and CF denotes their consumption of the final good. Capitalists consume the remaining resources
Y.—I.— C’f, which ensures market clearing.

We obtain a similar set of equilibrium equations as before, but now, the labor supply in

equation (A14) becomes

v

deQ:44J;Eﬂ1—u—wg@ﬂmnn—au—sbmnMg+smnu
L- 1+nc
+ (1 — we)de(dIn We + dIn L), (A21)

where 0. denotes the share of wage income in workers total income. This equation shows that,
when w, < 1, the income effects created by capital gains are dampened. With this modification,

we obtain the following generalization of Proposition A2:



PROPOSITION A3 Suppose that w. > 0 and 0; = 6y. Then

. do;
dln Lc — |:_Ccdlsp 4 CpTOd CCL zncw + CCL ww 1 o wc i| Z‘ecz ’YL
1€L 1- Z f)/M
dln Wc — |: ZSp€ + <p7’0d67.‘_c +C ’anw C ww 1— wc c:| Zécz ’YL
el 1-6; ’YM

where the (’s are the unique solution to the system of equations given by (A15), (A16), (A1),
(A19), (A20), and (A21).

PROOF: The proof is analogous to that of Proposition A2 with equation (A21) replacing equation
(Al4). &

Extension: Services

In the model with trade between commuting zones, preferences are defined over a tradable
“industry” good and a non-tradable “service” good as shown in equation (7). In this section,
we show that incorporating the same structure of preferences into the autarky model leads to
very similar expressions, but this exercise will provide a better benchmark for comparison with
the trade model.

Namely, we adopt the same preferences as in (7), and continue to assume that C. =Y, — I,
and S. = L. This implies that the price of the service good is equal to the wage, W.. As in
the trade model, now a fraction ¢ of income will be spent on C. and a fraction 1 — ¢ of it on S,

so that
1 1-9¢

We ¢

We continue to take Y. as the numeraire, which implies that the consumer price index, which

Se = — (Y. - I,).

incorporates the cost of the nontradable good PCC , 18

BY = (1—¢)' " 2¢?W! 2. (A22)

Cc

Using this expression, we obtain the optimal labor supply for the representative household as

(1—¢) (1-¢)¥
W?mwwzu—@“%w<¢) B(Y, - 1)’ L%
Naturally, when ¢ = 1 we recover equation (A3). Taking logs, differentiating and rearranging

this expression, we obtain

(0+ (1 —9@))dInW, = #@) (dlnY, — a(l — s&)dIn M.) + edIn L. (A23)

1+n




Following similar steps to those in the proof of Proposition A2, we obtain

WL, —Zasmyz Y.+ W.LE
i€l
— Y astunPX v 0 Ly ),
i€ (;5
and therefore,
dInW,+dnL. = — (1 — sk, sz -+ o(1 — s£)(dIn W, — dIn RM)
€T Z
1—
+gdlnYc+%(dlnY —a(l - sbydn M), (A24)

1 - al—i—n

where o = ¢ 18 now defined

+<25
as the share of total employment (including the nontradable sector) in mdustry 1. Likewise, the

demand for robots can be obtained as

L
din RM + dln M, = (18_3L — skm, Zﬁm o sHdnW. — dInRYM) + dInY.. (A25)
€L Z

Once again from the ideal price index condition, we have

a(l —sB)dIn RM + astdin W, + (1 — a)dln RE = —as! CZEQ . (A26)
i€l i

The supply of robots (equation (A4)) and the demand for capital (equation (A10)) remain

unchanged. Combining these equations, we obtain a generalization of Proposition A2.

PROPOSITION A4 Suppose that . > 0 and 0; = 6y > 0. Then

| i ) a6
din Lo = [~¢80 + Q@ — (o] - S b L
e 'L'YM

db;
dln W, = [ Ccclzsp8 + Cpmdgﬂ_c + Cmc 7/}} Z 1 — :;/]\I;

i€

where the (’s are given by the unique solution to the system of equations given by (A15), (A20),
(A23), (A24), (A25) and (A26).

When 6y = 0 as assumed in the main text, we have (2 = (%P = (1 + 5 — a)/A, % =
et = 14+ n+ (1 -¢) 1 —a)/A, = (1= ¢+ ¢a)me/A, (i = (1— &+ ¢a)(me — (1 -
Te(1—a+n))/A, and A= Lo (1 —a)p+ (1 — ¢+ ¢a) +¢).

PROOF: The proof of this proposition follows by noting that now equations (A15), (A20), (A23),
(A24), (A25) and (A26) can be uniquely solved for dIn L., dIn W,,dIn M.,dIn RM  dInY,, and
dln Rf , and yield the above expressions for dIn L. and dln W,.. B
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A2 TRADE EQUILIBRIUM

We next study the equilibrium of the model where there is trade between commuting zones.
First recall that in this case there is an exogenously given supply of capital for the entire

economy, K. Next, we turn to the supply of labor. First, note that given the preferences in

(7), a fraction ¢ of income will be spent on the tradable good C. and a fraction 1 — ¢ on the

nontradable good, which implies that

1
Se = W(l - ¢) (VVCLC‘i‘chI ) )
C
where xI is the share of capital gains owned by households in commuting zone c. Because we
took the tradable good Y, as the numeraire, the consumer price index is again given by (A22),

and the labor supply now satisfies
Wor=o0 — (1 — ¢)1=¢0+¥) 4% B (W, L. + "0)" LE. (A27)

The supply of robots continues to be given as in equation (A4).
From equation (8), the price of the (tradable) good of industry ¢ in every commuting zone

is given by

1
T—X
Py = (Z voi PX H) . (A28)

oeC
Since the price of the tradable good aggregate is chosen as the numeraire, the ideal price

index condition now becomes

1= P (A29)
i€L

With similar steps to our analysis in the autarky model, the demand for labor takes the form

WeLe =Y  WeLei + WL}
€L
= ashPXXei+ (1 - ¢) (WeLe +xITI) .
i€L



Also, equations (1) and (8) imply that

Xci = Z Xcdi

deC
A —A
= Z Ucini-PiY Pc)z(
deC
A— Y
deC
YA—0 X —A
:UciViPZ' Pci Z Yd
deC
—vr PY T PX Yy,
Using this formula for X.;, we obtain a simplified expression for labor demand in commuting
zone ¢ as
A—0o 1-X
WeLe =Y ashvavP) " "PX 7Y + (1= ¢) (WeLe + x'TI) . (A30)
€L

Similarly, the demand for robots is

RMM, =3 a(1 - shyoariP " TRX Y, (A31)
icT
and the demand for capital is given by
REK =(1-a)Y. (A32)
Finally, the national capital gains are given by
T=Y —) WeLe—» D '(14n)" 1M, (A33)

ceC ceC

DEFINITION 2 An equilibrium of the trade model is given by a set of factor prices {W., RM}.cc,
factor supplies {L., M.}cec, and national aggregates Y, RE | and I such that:

e factors supplies are given by (A4) and (A30);
e factor prices satisfy the ideal price index condition, equations (A28) and (A29);
e factor markets clear, that is, equations (A30), (A31), and (A32) hold;
e capital gains are given by equation (A33).
PROPOSITION A5 An equilibrium of the trade model exists.

PROOF (SKETCH): Existence follows from a standard fixed point argument. Our economy con-
sists of |C| (representative) households, |C| nontradable goods, |C| x |Z| tradable intermediates,

|C| nontradable robot inputs, |C| types of labor inputs, and |C| final goods. The production
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possibilities sets of all of these goods, which use labor, capital and a subset of the other goods,
are convex, and consumer preferences, defined over the |C| final goods and labor supply, are
continuous and strictly concave, and in fact, are also homothetic. Existence of equilibrium then
follows by constructing the vector of the product of excess demands and prices, verifying com-
pactness, and then applying Brouwer’s fixed point theorem. Moreover, the first welfare theorem

applies and shows that equilibrium is Pareto optimal. W

We next state and prove a generalized version of Proposition 3 in the text. To simplify the

expressions, we also impose the following initial allocation of non-labor income across commuting
zones Y = %, which ensures that the ratio of labor to non-labor income across
ec c

commuting zones is constant. Note that this is only imposed for the baseline allocation.

PROPOSITION A6 Suppose that the initial allocation of non-labor income satisfies xc S WL [C[ CILIF T
/E / !
. =79 >0 and 0; = 0y. Then

_ ~ do; >
dln Lo =[=C6 4+ Cm — (00 3 beiq =g+ Gl dInY + T+ Gops,

€L n
db; L

~dis rod
dIin W, =[—("Pe 4 (P™%my + (rinc)] - me 67

€L

+de1nY—|—de1DH+gWGCUSa

where the (’s are the unique solution to the system of equations given by Equations (A15), (A36),
(A37), (A38) and (A39), and

X 1-A

Gevs=MA=0)Y Lo > Vo () (astdIn W, + a(1 — s")dIn R)) . (A34)
i€l  oeC F

Moreover, when 6y = 0, we have (%P = (14+n+ (A — )an)/A, (P = (1 —a+n+ (A —

Dan+oa)/A, (' = a(m(o—1)a—(1-m)(1+n+A-1)an))/A, (wine = (1-¢+da)(m(o—
Da—(1—m)(1+n+ (A—=1)an)/A, and

A:¢<¢+5<1+1(/\_;2(;;> +w(1—¢+(/\—1)a2)> > 0.

PRrOOF: First, note that when 7. = mg and 6; = 6y, we have Sé- = s for all 7 and c.

Next the change in household income in a commuting zone c is given by

WL, WL,
dln (WL + YMI) =—— ¢ (dInW, +dlnL,) + (1 - ——°"° ) dInII
n(W + Xc ) Wolo + x H( nW,+dln )—l—< Wolo 1 H> n
Z 'cC WC/LC/ Z 'cC WC,LC/
== dInW, +dln L) + (1 — —=¢ dInTI
S o WLy pm i WetdnLe) + (1= S ) 4o
L L
- <1_ 10‘:) (dlnW, +dlnL,) + <¢—¢1‘)‘:> dInTL,
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where + = Y - I./Y. Collecting terms, this expression can be rewritten as
dln (WeLe + xtI) = wh(dIn W, + dIn L) + (1 — w’)dIn1I, (A35)

where wl =1 — ¢ + qb% is the overall labor share in the economy.

Differentiating and rearranging equation (A27) and combining it with (A35), we obtain the
following expression for labor demand in commuting zone c,

(6 + (1 — ))dIn W, = Ypw™(dIn W, + dIn Lo) + 9 (1 — w") dIn Tl + edIn L. (A36)

The supply of robots continues to be given by equation (A15).

Moreover, again from equation (A30), we can express labor demand in commuting zone ¢ as

dinW,+dln L. =+ pdlnY + (1 — o) (w"(dIn W, + dIn L) + (1 — w") dIn1I)
— (1= stm) chidiei + 0(1 = sE)(dIn W, — dIn RM)
; 1-0;
1€T
+ (1= Ladn P+ (A=0)) ladin P
i€Z =
where ¢ denotes the baseline share of employment in the tradable sector.

To simplify this expression, note that equation (A28) implies

PX 1-X
dIn P} = v, <PY) dIn PX
oeC i

pX\T db;
:ZUOZ‘ <PO;/> <asLdano+a(1 —sL)dlnRéw%—(1—a)dlnRK—asL7rol 29 >
oeC i Y

=(1 - a)dIn RE — astn

do; P\
1_; +Z'Uoi (PO§> (astdInW, + a(l — s¥)dIn R)) .
' oec 2

7

Using this expression for dIn P}, we can further simplify our labor demand expression as

dln W, +dln L. =pdInY + (1 — o) (w"(dln W, + dIn L) + (1 — w") dIn1I)

db;

— (1= stmy+ (1 = o)astm) Zﬁciﬁ + 0(1 — s¥)(dIn W, — dIn RM)
i€l !

+0(1 = A) (astdln W, + a(l — s*)dIn R) + o(1 — 0)(1 — @)dIn R¥

+ GC,US) (A37)

where G g is given in equation (A34).

Similarly, the expression for the demand for robots in equation (A31) can be rearranged to
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obtain

dinRM +dIn M. =dInY

1 <(1 — shmg)st

To\Ta=e

db;
L i L M
. + (0 —1)as 77()) E 607;]_—9' —s(dlnW,—dInR_.")

i€T !
+ (1 =N (as"dln W, + a(1 = s*)dIn RM) + (1 — 0)(1 — a)dIn R®

1
+ EGC,US7 (A38)
while the demand for capital, equation (A10), implies
dln R =dnY. (A39)

Equations (A15), (A36), (A37), (A38) and (A39) define a system of five linear equations and
five unknowns, dIn L, dIn W,,dIn RM dIn M., and dIn R¥. Solving this system of equations
yields the formulas for dIn L. and dIn W, given in the proposition. Moreover, when 6y = 0,
these simplified to the expressions given above. l

The next proposition shows how aggregate effects of robots can be computed in the economy
with trade. We simplify the analysis by focusing on the case we use in our quantitative exercise

where 7. = mg and 6; = 6.

PROPOSITION A7 Suppose that the initial allocation of non-labor income satisfies X' = %
C/e ! !

Te=mp >0, and §; =6y > 0. Let dInL =Y o x¥dIn L, and dnW =Y o x¥VdIn W, de-
note the average change in employment and wages across commuting zones, where X'V denotes

the share of the national wage bill paid in commuting zone c. Then

dinL = [7(disp¢ + Cprod¢ﬂ_ mcﬁmb} ZXZVZ . d_0 '7L

i€l Z 7M
dlnW = |:_Cdisp€ + Cprod Cmcl/}} ZXZV Z y d99 3]@
i€l

where the C’s coincide with those given in Proposition A4 for T. = mo, and sk = s.

PROOF: Let LZ denote total employment in the tradable sector. First, note that we can rewrite
xe
w WL
Xe = ZSEC WSLS
_ WeL?
Zsec Wng
as” Eiez Xcipc)z‘(
- asty
ZlEZ XCZP
71/ )
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That is, because all commuting zones have the same factor intensity, x/V is equal to the share
of output generated by commuting zone ¢ within the tradable sector (recall that Y denotes the
aggregate output of the tradable sector).

Using the fact that II+ ) W.L. = 2(Y — I), we obtain

1
¢

wL(dan+dlnL)+(1—wL)dlnH:< (1+77)d1nM) (A40)

Differentiating, rearranging and summing equation (A27) across commuting zones yields an

expression for average wages in the United States,

6+ (1= @)p)dInW = pw™(dInW +dInL) + ¢ (1 — w") dInIl + edIn L,

which Can be simplified by substituting from equation (A40) and using the fact that ¢ = a(l—sh).

1+n
(0+ (1 —@)p)dInW = % (dlnY — a(l — s*)dIn M) + edIn L. (A41)
-5

Adding up equation (A15) across commuting zones yields
dln RM = ndIn M, (A42)

where dIn RM =3 . x¥dInRY and dIn M =Y . x¥¥ dIn M..
Now differentiating and rearranging (A30), and summing over commuting zones, we obtain

an aggregated version of the labor demand equation demand in equation,

dlnW +dln L =pdInY + (1 — o) (w L(dan+dlnL) + (1 - w")dInII)

(1= s"m0) Y x” Zea — (1—s")(dlnW — dIn RM)

ceC 1€T
VY Y M ladin PY + (A =0)> > xWludn P
ceC i€l ceC i€l

This equation simplifies to

dinW +dInL =pdInY + % (dlnY —a(l - sL)dlnM)
1_ a(l—s

1+n
(1—stmg ZXZVZ% — o(1—sM)(dInW —din RM)  (A43)
ceC i€l i

by using equation (A40) and noting that > ..o > ic7 X0 leidIn P = 0and Y 0 > icr XV beidIn PY =
0. These last two observations follow from the price index in equation (A28) and the ideal price
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index condition in equation (A29). In particular, for the former, note that

Z Z XViledin PY =p Z Z XY xeidIn PY

ceC i€ i€T ceC

- X..PX  x.pX
:QZZ Z]GI Cc)+ ¢y cid ¢ dlnPZ»Y

. pX
Pt Y > jer XeiFej
X, PX
LYY
1€Z ceC

Y; PY
=p Z %d In PY
i€
=0,

which follows from equation (A29) (recall that y.; is the share of industry ¢ in value added in

commuting zone c). In this derivation, we used Y; to denote the total output of industry i,
so that YiPiY =>. Xcinf , and we also used £.; = px.i, which follows from the fact that all

tradable sectors have the same labor intensity.

Likewise,

DY xMadn PY =0 > X xeidIn P

ceC €T i€Z ceC

. X..PX  x . .pX
:sz ZQGIYC] cj cid e dlnpc)i(

i€T ccC zjeZ chpc?]?
X PX
=0y > %dln PX
i€Z ceC
YiPY ~XaPy | ox
:QZ YZ Z Y;PCYZ dln Pz
1€ ceC ?
Y;PY
:QZ lYZ dln PZY
i€l
=0,

where we have used the price index in equation (A28) and the ideal price index condition in

equation (A29).

Following the same steps, we obtain aggregate robot demand from equation (A31) as

dInRM +dIin M =dInY

c
ceC i€l

1(1— shmg)st i
_|_Q(S7TO)SZXWZ£M-1(Z_0—sL(dan—dlnRM)

(]_—SL) 91
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Finally, the fact that > ;.7 > ¢ XYW XxeidIn P = 0 also implies

Z ng Z xci(asLdln We+a(l - sL)dlnRé\/[ + (1 —-a)dln RK Z XEV Z Yeics” 07
ceC 1€ ceC i€

0 .

Using the fact that £.; = ox. and the definition of dln W and dlIn RM | we can rewrite this
equation as
astdin W + a(1 — s¥)dIn RM + (1 — a)dIn RX = fas WOZXZVZKW . (A45)
ceC i€l i

Finally, taking logs and differentiating the demand for capital in equation (A32), we have
dIn R¥ = dInY (A46)

Equations (A41), (A42), (A43), (A44), (A45) and (A46) define a system of six linear equa-
tions in six unknowns. Solving this system of equations yields the formulas for dIn L and dln W

in the proposition. B

A3 DETAILS OF THE QUANTITATIVE EXERCISE

Propositions A6 and A7 show how to compute the local and aggregate effects of robot adoption
in terms of the parameters of our model, the share of labor in production tasks, s, and the
share of (non-robot) capital, 1 — a. Here, we provide some of the details omitted from the text

of how we choose parameter values to perform our quantitative exercise.

1. First, recall that vy, /yr = 3 as explained in the text.

2. Let us next turn to the share of labor in production tasks, s“. Our model implies that,

among industries using robots, the baseline ratio of robots per thousand workers in the

US is M 0
1000 = 1 0L
0007+ = 10005~

In 1993, the US had around four robots per thousand workers in industries using robots

(which are almost entirely in manufacturing). Since vyas/vr = 3, this implies 1 =0.012.
We can then compute the labor share in production tasks as

1-6p 1

L _ O 1-m
S =T 1T 1= 0.9916.

6y 1—mg

This implies that in 1993, labor accounted for 99.16 percent of the value added in tasks
that can be automated using industrial robots, and robots accounted for the remaining

0.84 percent.
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3. Because the overall labor share in the economy is as”, the previous observation implies
«a = 0.67 to match the labor share of 66.6 percent.

4. We equate tradables with manufacturing, which gives a share of employment in tradables

of o = 0.18. Using the fact that o = %, we obtain ¢ = 0.25.

5. We then choose the income elasticity of labor supply ¥ to match empirical estimates of the
propensity to consume leisure out of additional income. In particular, our labor supply
equation implies

W,

ch chLc 7/) L
- _ = —Zw",

‘dc, e C. €
where we used the fact that, in our model, Wcﬁfc = wl—where w’ is the share of labor in

total value added.

Imbens, Rubin and Sacerdote (2001) estimate that the propensity to consume leisure out

of one additional dollar is about 0.1, which implies that
0.1= %WL. (A47)

6. Finally, we choose the value for € (and thus for ¢ from equation (A47)) as follows. Let
Br = —CP g 4 (Prodgmy — iy and By = —(UPe + (Prodemy 1 (Winey, By definition,
dinLe. = Br - Y ez lei ;f_@(;i% and dInW, = Bw - Y ez Lei 1{%% solve the system of
equations given by (A15), (A36), (A37), (A38) and (A39) when dInY =dInll = G, ys =
0. Next, substituting the formulas for dIn L. and d1In W, into (A36), we obtain the equation

(¢ + (1 — ¢)0)Bw = Y (Bw + BL) + £BL. (A48)

Solving equations (A47) and (A48) simultaneously and using our IV estimates Br, and By

yields
f=— ¢ﬂ$(1_¢)A — =0.16
0.1(Bw + BL) — = Bw + BL
_O0d OB = 0.02.

~

w01 (Bw + ) — YD By + B

Given the values of ¥ and ¢ , n is chosen to match our IV estimate B 1 (or BW) This yields
n=0.72.

A4 ADDITIONAL FIGURES AND TABLES
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FIGURE Al: ADJUSTED ROBOT PENETRATION AND SHARE REPLACEABLE JOBS.

Plot of the adjusted penetration of robots between 1993 and 2007 (APR;) and the share of
replaceable jobs by industry in 1990. The data on replaceable jobs are from Graetz and Michaels
(2018). Marker size indicates the baseline US employment in the corresponding industry.
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FIGURE A3: FIRST-STAGE RELATIONSHIP FOR, COMMUTING ZONES.

The figure presents the residual plot of the US exposure to robots, 2004-2007 (rescaled to a 14-
year equivalent change), and the exposure to robots between 1993 and 2007 after the covariates
in column 2 and 5 of Table 7 have been partialled out. The solid line corresponds to a weighted
regression with commuting zone population in 1990 as weights. The blue dashed line is for a
regression excluding the top one percent commuting zones with the highest exposure to robots.
Marker size indicates the 1990 population in the corresponding commuting zone.
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TABLE A2: ADJUSTED PENETRATION OF ROBOTS IN THE US AND IN EUROPE

ESTIMATES FOR ADJUSTED PENETRATION OF ROBOTS, US

ESTIMATES FOR PENETRATION OF ROBOTS, US

Weighted by baseline US employment UNWEIGHTED Weighted by baseline US employment UNWEIGHTED
) 2 3) (4) (5) (6)

Panel A. 1993-2007

Adjusted penetration of robots, 1.412 1.475 1.703 1.388 1.400 1.621

APR; (0.654) (0.730) (0.618) (0.594) (0.672) (0.565)

Observations 19 19 19 19 19 19

R-squared 0.65 0.66 0.72 0.67 0.67 0.73
Panel B. 2000-2007

Adjusted penetration of robots, 1.076 1.125 1.176 1.050 1.067 1.117

APR; (0.230) (0.232) (0.181) (0.194) (0.205) (0.158)

Observations 19 19 19 19 19 19

R-squared 0.84 0.85 0.88 0.85 0.85 0.88
Panel C. 2004-2007

Adjusted penetration of robots, 0.953 0.966 1.092 0.934 0.917 1.040

APR; (0.408) (0.457) (0.407) (0.367) (0.420) (0.371)

Observations 19 19 19 19 19 19

R-squared 0.64 0.64 0.69 0.66 0.66 0.71
Panel D. 2000-2014

Adjusted penetration of robots, 1.296 1.241 1.323 1.496 1.449 1.550

APR; (0.209) (0.281) (0.204) (0.253) (0.331) (0.238)

Observations 19 19 19 19 19 19

R-squared 0.78 0.79 0.80 0.79 0.79 0.82

Covariates:

Manufacturing dummy v v v v

The table presents estimates of the relationship between the adjusted penetration of robots, APR;, and the penetration
of robots in the US. Columns 1 to 3 present estimates using the adjusted penetration of robots in the US as outcome.
Columns 4 to 6 present estimates using the raw penetration of robots in the US as outcome. Each panel presents results for
a different time period, and when necessary we rescale the penetration of robots in the US to match its length. Column 1
and 4 do not include covariates. Columns 2-3 and 5-6 control for a dummy for manufacturing. The regressions in columns
1-2 and 2-3 are weighted by baseline industry employment in 1993, and the regressions in columns 3 and 6 are unweighted.

Standard errors robust against heteroskedasticity in parentheses.
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TABLE A4:

INDUSTRY-LEVEL RESULTS: DIFFERENT TIME PERIODS

ESTIMATES FOR CHANGE IN LOG WAGE BILL ESTIMATES FOR CHANGE IN LOG EMPLOYMENT
NBER-CES, ~ \DPR-CES, NBER-CES, | DPR-CES,
CBP production CBP production
all workers all workers
workers workers
1 2 3) (4) (5) (6)
Panel A. 1993-2010
Adjusted penetration of robots, -1.354 -1.205 -1.435 -1.121 -0.979 -1.104
APR; (0.589) (0.562) (0.559) (0.448) (0.401) (0.425)
Observations 19 13 13 19 13 13
R-squared 0.93 0.86 0.88 0.94 0.89 0.89
Panel B. 2000- 2010
Adjusted penetration of robots, -1.782 -1.765 -1.933 -1.473 -1.274 -1.314
APR; (0.378) (0.350) (0.408) (0.301) (0.243) (0.338)
Observations 19 13 13 19 13 13
R-squared 0.82 0.75 0.74 0.84 0.79 0.77
Panel C. 2004-2010
Adjusted penetration of robots, -3.063 -2.995 -3.339 -2.379 -1.984 -1.978
APR; (1.211) (1.289) (1.446) (0.969) (0.956) (1.263)
Observations 19 13 13 19 13 13
R-squared 0.64 0.46 0.43 0.65 0.45 0.38
Panel D. 2000-2007
Adjusted penetration of robots, -1.056 -1.026 -1.162 -0.821 -0.908 -1.006
APR; (0.152) (0.134) (0.143) (0.138) (0.133) (0.143)
Observations 19 13 13 19 13 13
R-squared 0.90 0.87 0.88 0.91 0.89 0.90
Panel E. 2004-2007
Adjusted penetration of robots, -1.924 -1.722 -2.102 -1.416 -1.484 -1.787
APR; (0.482) (0.675) (0.665) (0.215) (0.473) (0.530)
Observations 19 13 13 19 13 13
R-squared 0.79 0.62 0.66 0.64 0.64 0.65
Covariates:
Broad industry shares v v v v v v
Import competition v v v v v v

The table presents estimates of the relationship between the adjusted penetration of robots and labor demand across US
industries. Columns 1 to 3 present estimates for changes in log wage bill for 1993-2010 (Panel A), 2000-2010 (Panel B),
2004-2010 (Panel C), 2000-2007 (Panel D), 2004-2007 (Panel E). Columns 4 to 6 present estimates for changes in log
employment for 1993-2010 (Panel A), 2000-2010 (Panel B), 2004-2010 (Panel C), 2000-2007 (Panel D), 2004-2007 (Panel
E). The sources of data and their coverage are indicated in the top row, and the set of covariates is indicated at the bottom
row. All models control for dummies for manufacturing and light manufacturing, and exposure to Chinese imports by
industry from Acemoglu et al. (2016). All regressions are weighted by baseline industry employment in 1993. Standard
errors robust against heteroskedasticity and correlation within industries in parentheses.
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TABLE A5: INDUSTRY-LEVEL RESULTS: LABOR SHARE, VALUE ADDED AND PRODUCTIVITY

LONG DIFFERENCES, 1992-2007

ExcLupiNg
ALL INDUSTRIES, WEIGHTED BY VALUE ADDED IN 1992 AUTOMOTIVE UNWEIGHTED
MANUFACTURING

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

Panel A. Change in labor share

Adjusted penetration of robots, -0.784 -0.764 -0.704 -0.866 -0.557
APR; (0.144) (0.182) (0.289) (0.355) (0.216)
Observations 19 19 19 18 19
R-squared 0.35 0.35 0.36 0.31 0.33
Panel B. Change in log value added (annualized)
Adjusted penetration of robots, -0.010 0.160 0.117 0.183 0.074
APR; (0.044) (0.060) (0.061) (0.046) (0.039)
Observations 19 19 19 18 19
R-squared 0.00 0.60 0.71 0.74 0.67
Panel C. Change in log value added per worker (annualized)
Adjusted penetration of robots, 0.101 0.109 0.137 0.208 0.098
APR; (0.041) (0.056) (0.070) (0.064) (0.051)
Observations 19 19 19 18 19
R-squared 0.20 0.20 0.34 0.39 0.21
Covariates:
Manufacturing v v v v

Light manufacturing and Import
competition

v v v

The table presents estimates of the relationship between the adjusted penetration of robots and the labor share and value
added across US industries. Panel A presents long-differences estimates for share value added, 1992-2007. Panel B presents
long-differences estimates for log value added, 1992-2007. Panel C presents long-differences estimates for log value added per
worker, 1992-2007. Column 1 presents the raw data. Column 2 controls for a dummy for manufacturing. Column 3 controls
for dummies for light manufacturing and exposure to Chinese imports by industry from Acemoglu et al. (2016). Column
4 excludes the automotive industry from the sample. The regressions in columns 1-4 are weighted by baseline industry
value added in 1992, and the regression in column 5 is unweighted. Standard errors robust against heteroskedasticity and
correlation within industries in parentheses.
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TABLE A6: EXPOSURE TO ROBOTS AND THE LOCATION OF INTEGRATORS

LOCATION OF ROBOT INTEGRATORS

EXCLUDES
‘WEIGHTED BY POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE
m 2) ®3) (4) (5) (6)
Panel A. log one plus number of integrators
Exposure to robots 0.236 0.222 0.184 0.178 0.291 0.087
(0.070) (0.057) (0.033) (0.035) (0.104) (0.017)
Observations 722 722 722 722 712 722
R-squared 0.27 0.74 0.75 0.75 0.74 0.57
Panel B. log one plus employment in integrators
Exposure to robots 0.437 0.403 0.264 0.249 0.745 0.227
(0.155) (0.153) (0.101) (0.106) (0.235) (0.062)
Observations 722 722 722 722 712 722
R-squared 0.24 0.68 0.70 0.70 0.71 0.52
Panel C. log one plus number of integrators, separating automotive manufacturing
Exposure to robots 0.228 0.202 0.176 0.168 0.226 0.128
in automotive (0.064) (0.037) (0.025) (0.027) (0.132) (0.020)
Exposure to robots 0.273 0.314 0.249 0.256 0.342 0.029
in other industries (0.166) (0.140) (0.098) (0.099) (0.103) (0.030)
Observations 722 722 722 722 712 722
R-squared 0.27 0.74 0.75 0.75 0.74 0.57
Panel D. Dummy for location of integrators
Exposure to robots 0.056 0.052 0.024 0.022 0.134 0.034
(0.029) (0.034) (0.026) (0.027) (0.039) (0.017)
Observations 722 722 722 722 712 722
R-squared 0.12 0.51 0.54 0.54 0.56 0.47
Covariates:
Census division
. v v v v v v
dummies
Demographics v v v v v
Broad industry shares v v v v
Trade and routinization v v v

The table presents estimates of the relationship between exposure to robots and the location of integrators. Panel A presents
estimates for log of one plus the number of integrators. Panels B and C presents estimates for log of one plus employment
by integrators. Panel D presents estimates for a dummy for the presence of integrators. Columns 1-5 present regressions
weighted by population in 1990. Column 5 presents results excluding the top one percent commuting zones with the highest
exposure to robots. Column 6 presents unweighted regressions. The covariates included in each model are indicated at the
bottom rows. Column 1 only includes Census division dummies. Column 2 adds demographic characteristics of commuting
zones in 1990 (log of population, share of males, share of population above 65 years, shares of population with high school,
some college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians). Column 3 adds
shares of employment in manufacturing, light manufacturing, construction and mining in 1990, and the share of female
workers in manufacturing employment in 1990. Columns 4-6 add the exposure to Chinese imports from Autor, Dorn
and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against heteroskedasticity and
correlation within states in parentheses.
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TABLE A7: SUMMARY STATISTICS: COMMUTING ZONE DATA

BY QUARTILES OF EXPOSURE TO ROBOTS

ALL FIRrsT SECOND THIRD FourTH
COMMUTING
QUARTILE QUARTILE QUARTILE QUARTILE
ZONES
) 2) ®3) 4 (5)
Outcomes:
Change in employment to population ratio,
1990-2007 (p.p.) 0.96 1.77 1.68 0.32 0.71
Ch.ange in log hourly wage, .1990_2007 (log 5.84 814 8.83 5.35 347
points, adjusted for composition)
Baseline characteristics:
Employment to population ratio, 1990 0.35 0.32 0.34 0.36 0.37
log hourly wage, 1990 2.59 2.61 2.52 2.61 2.60
Covariates:
Share male 0.49 0.49 0.49 0.49 0.48
Share Hispanic 0.09 0.17 0.06 0.10 0.04
Share White 0.85 0.83 0.86 0.84 0.85
Share Black 0.12 0.13 0.11 0.11 0.13
Share Asian 0.03 0.03 0.02 0.04 0.01
Share with a highschool degree 0.56 0.54 0.53 0.55 0.59
Share with a college degree 0.18 0.19 0.18 0.18 0.17
Share with a masters degree 0.05 0.05 0.04 0.05 0.04
Share above 65 years of age 0.12 0.13 0.11 0.12 0.12
log population 13.97 14.18 13.34 14.15 14.01
Share employment in manufacturing 0.24 0.15 0.22 0.26 0.27
Share femal.e workers (within 0.33 0.36 0.1 0.34 0.31
manufacturing)
Share light @allufactllrlng (within 0.22 0.29 021 0.23 0.19
manufacturing)
Share employment in mining 0.01 0.01 0.01 0.01 0.01
Share employment in construction 0.08 0.09 0.09 0.08 0.08
Exposure to Chinese imports 3.35 2.22 2.80 4.18 3.54
Share employment in routine jobs 0.34 0.33 0.32 0.34 0.34

Sample means for the entire sample of commuting zones and by quartiles of the exposure to robots measure. See text for
variable definitions and sources
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TABLE A8: RELATIONSHIP BETWEEN EXPOSURE TO ROBOTS AND COVARIATES

DEPENDENT VARIABLE:

EXPOSURE TO ROBOTS IN

EXPOSURE TO ROBOTS IN

EXPOSURE TO ROBOTS AUTOMOTIVE
OTHER INDUSTRIES
MANUFACTURING
1) (2) (3) (4) (5) (6)
Share male -0.200 -0.260 -0.089 -0.144 -0.111% -0.116
(0.086) (0.080) (0.073) (0.063) (0.056) (0.055)
Share Hispanic -0.153 -0.072 -0.081 -0.003 -0.072 -0.069
(0.079) (0.099) (0.082) (0.102) (0.030) (0.037)
Share White 0.115 -0.002 0.020 -0.093 0.096 0.091
(0.129) (0.148) (0.136) (0.151) (0.046) (0.049)
Share Black 0.269 0.055 0.236 0.056 0.033 -0.001
(0.160) (0.132) (0.171) (0.129) (0.061) (0.065)
Share Asian -0.099 0.121 -0.156 -0.002 0.057 0.123
(0.175) (0.133) (0.183) (0.141) (0.048) (0.072)
Share with a highschool degree -0.075 -0.274 -0.571 -0.710 0.495% 0.436
(0.444) (0.498) (0.472) (0.550) (0.121) (0.118)
Share with a college degree -1.102 -1.019 -1.631 -1.568 0.529 0.549
(0.905) (0.904) (0.953) (0.962) (0.211) (0.237)
Share with a masters’ degree -0.401 -0.471 -0.767 -0.821 0.366 0.350
(0.461) (0.512) (0.467) (0.539) (0.163) (0.171)
Share above 65 years of age -0.174 -0.182 -0.080 -0.104 -0.094 -0.077
(0.082) (0.079) (0.114) (0.102) (0.064) (0.069)
Log population 0.353% 0.434 0.247 0.307 0.106 0.127
(0.222) (0.225) (0.237) (0.260) (0.058) (0.065)
Share employment in manufacturing 1.621F 1.589% 0.984F 0.924% 0.637% 0.665%
(0.474) (0.454) (0.516) (0.514) (0.142) (0.153)
Share female manufacturing employment -0.847% -0.843% -0.473 -0.454 -0.375% -0.388%
(0.344) (0.327) (0.364) (0.356) (0.139) (0.144)
Share light manufacturing employment -0.562% -0.424% -0.435% -0.328% -0.126 -0.096
(0.112) (0.117) (0.099) (0.093) (0.056) (0.064)
Share employment in mining 0.079 0.135 -0.003 0.055 0.082F 0.080
(0.051) (0.073) (0.061) (0.081) (0.035) (0.036)
Share employment in construction -0.008 0.131 -0.089 0.006 0.081 0.125
(0.092) (0.073) (0.091) (0.070) (0.053) (0.059)
Exposure to Chinese imports -0.201 -0.136 -0.243 -0.181 0.042 0.046
(0.116) (0.097) (0.122) (0.104) (0.039) (0.036)
Share employment in routine jobs 0.281 0.091 0.320% 0.156 -0.039 -0.065
(0.135) (0.103) (0.124) (0.082) (0.050) (0.054)
Observations 722 722 722 722 722 722
R-squared 0.56 0.61 0.44 0.49 0.43 0.45
F-statistic 17.99 27.57 8.14 13.63 19.57 21.94
Additional covariates:
Division dummies v v v

The table presents the relation between the covariates used in our analysis and the exposure to robots (columns 1-2), the
exposure to robots in automotive manufacturing (columns 3-4), and the exposure to robots in the remaining industries
(columns 5-6). Each column presents a regression of the exposure to robots measure against the full set of covariates used
in our analysis. All covariates are standardized to ease the interpretation. Even-numbered columns also control for a full
set of Census division dummies. The covariates with a superscript L were chosen by a LASSO procedure conditioning on
the share of employment in manufacturing. Standard errors robust against heteroskedasticity and correlation within states

in parentheses.
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TABLE A9: COEFFICIENTS FOR THE MAIN COVARIATES IN TABLES 2 AND 3

ESTIMATES FOR EMPLOYMENT ESTIMATES FOR LOG HOURLY WAGE
EXCLUDES N i EXCLUDES
WEIGHTED BY . WEIGHTED BY . o T
POPULATION ZONES WITH UNWEIGHTED POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE HIGH EXPOSURE
(1) 2) (3) (4) (5) (6)
Panel A. Long-differences, 1990-2007
Exposure to robots -0.410 -0.524 -0.416 -0.770 -0.729 -0.898
(0.053) (0.136) (0.092) (0.109) (0.223) (0.177)
Share manufacturing employment 3.680 4.436 0.576 -20.257 -20.344 -33.547
(3.548) (3.457) (3.252) (6.034) (6.011) (6.161)
Share manufacturing female employment -24.290 -25.281 -16.779 34.749 33.933 53.635
(6.514) (6.564) (7.789) (11.192) (11.352) (12.536)
Share light manufacturing employment -4.923 -5.283 -5.629 -10.220 -9.508 -11.068
(3.432) (3.325) (3.143) (6.460) (6.612) (5.049)
Exposure to Chinese imports -0.083 -0.079 -0.040 -0.081 -0.080 -0.103
(0.044) (0.044) (0.031) (0.074) (0.076) (0.047)
Share routine jobs employment -10.160 -9.955 -15.380 -16.903 -17.509 -7.121
(2.549) (2.516) (2.949) (4.915) (4.860) (4.597)
Observations 722 712 722 109906 108157 109906
R-squared 0.68 0.67 0.63 0.29 0.29 0.08
Panel B. Stacked differences, 1990-2000 and 2000-2007
Exposure to robots -0.511 -0.709 -0.680 -1.300 -1.577 -1.601
(0.052) (0.155) (0.084) (0.157) (0.523) (0.264)
Share manufacturing employment 0.470 -0.135 -2.735 -12.043 -13.313 -23.386
(2.831) (2.762) (1.804) (5.417) (5.514) (3.976)
Share manufacturing female employment -14.714 -12.707 -1.557 16.370 20.271 40.146
(6.232) (5.596) (4.794) (13.584) (13.374) (8.018)
Share light manufacturing employment -0.106 -0.412 -3.276 0.273 -0.448 -1.244
(2.213) (2.140) (2.112) (4.192) (4.604) (3.161)
Exposure to Chinese imports -0.196 -0.180 -0.133 -0.402 -0.381 -0.259
(0.027) (0.030) (0.030) (0.105) (0.102) (0.083)
Share routine jobs employment -10.454 -10.576 -9.775 -19.786 -19.890 -4.055
(4.433) (4.699) (3.431) (8.082) (8.536) (6.862)
Observations 1444 1424 1444 236008 232243 257583
R-squared 0.43 0.42 0.40 0.25 0.24 0.08
Covariates:
Baseline covariates v v v v v v

The table presents estimates of the impact of the exposure to robots on employment and wages. Panel A presents long
differences for 1990-2007. Panel B presents stacked differences for 1990-2000 and 2000-2007. Columns 1-3 present estimates
for employment to population ratio. Columns 4-6 present estimates for log hourly wage. The specifications in columns
4-6 are estimated at the demographic cell X commuting zone level, where demographic cells are defined by age, gender,
education, race, and birthplace. Columns 1-2 and 4-5 present regressions weighted by population in 1990. Columns 2 and
5 present results excluding the top one percent commuting zones with the highest exposure to robots. Columns 3 and 6
present unweighted regressions. All models include Census division dummies, demographic characteristics of commuting
zones in 1990 (log of population, share of males, share of population above 65 years, shares of population with high
school, some college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians), shares of
employment in manufacturing, light manufacturing, construction and mining in 1990, and the share of female workers in
manufacturing employment in 1990, and the exposure to Chinese imports from Autor, Dorn and Hanson (2013) and the
share of employment in routine jobs. Standard errors robust against heteroskedasticity and correlation within states in
parentheses.
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TABLE A10: THE EFFECTS OF ROBOTS ON EMPLOYMENT AND WAGES: RECENT PERIODS

ESTIMATES FOR EMPLOYMENT ESTIMATES FOR LOG HOURLY WAGE
EXCLUDES EXCLUDES
WEIGHTED BY 3} WEIGHTED BY : .
POPULATION ZONES WITH UNWEIGHTED POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE HIGH EXPOSURE
(1) 2) ®3) (4) (5) (6)
Panel A. Long-differences, 1990-2014
Exposure to robots -0.239 -0.387 -0.328 -1.082 -1.059 -0.965
(0.059) (0.147) (0.084) (0.123) (0.351) (0.219)
Observations 722 712 722 115180 113349 115180
R-squared 0.57 0.56 0.60 0.41 0.40 0.16
Panel B. Long-differences, 1990-2010
Exposure to robots -0.442 -0.528 -0.444 -1.050 -1.142 -1.131
(0.059) (0.136) (0.097) (0.126) (0.271) (0.178)
Observations 722 712 722 110215 108476 110215
R-squared 0.65 0.64 0.70 0.33 0.32 0.11
Panel C. Long-differences, 2000-2014
Exposure to robots -0.270 -0.389 -0.181 -1.234 -1.275 -1.111
(0.047) (0.140) (0.077) (0.131) (0.386) (0.243)
Observations 722 712 722 143502 141321 143502
R-squared 0.68 0.67 0.48 0.30 0.28 0.08
Panel D. Long-differences, 2000-2007
Exposure to robots -0.437 -0.426 -0.357 -0.868 -0.512 -0.934
(0.054) (0.136) (0.099) (0.130) (0.327) (0.242)
Observations 722 712 722 131494 129475 131494
R-squared 0.69 0.66 0.59 0.18 0.18 0.05
Panel E. Long-differences, 2000-2010
Exposure to robots -0.480 -0.503 -0.410 -1.191 -1.146 -1.227
(0.049) (0.135) (0.105) (0.131) (0.342) (0.211)
Observations 722 712 722 133259 131247 133259
R-squared 0.71 0.69 0.68 0.22 0.21 0.06
Covariates:
Baseline covariates v v v v v v

The table presents estimates of the impact of the exposure to robots on employment and wages. Panel A presents long
differences for 1990-2014. Panel B presents long differences for 1990-2010. Panel C presents long differences for 2000-2014.
Panel D presents long differences for 2000-2007. Panel E presents long differences for 2000-2010. Columns 1-3 present
estimates for employment to population ratio. Columns 4-6 present estimates for log hourly wage. The specifications
in columns 4-6 are estimated at the demographic cell X commuting zone level, where demographic cells are defined by
age, gender, education, race, and birthplace. Columns 1-2 and 4-5 present regressions weighted by population in 1990.
Columns 2 and 5 present results excluding the top one percent commuting zones with the highest exposure to robots.
Columns 3 and 6 present unweighted regressions. All models include Census division dummies, demographic characteristics
of commuting zones in 1990 (log of population, share of males, share of population above 65 years, shares of population with
high school, some college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians), shares
of employment in manufacturing, light manufacturing, construction and mining in 1990, and the share of female workers
in manufacturing employment in 1990, and the exposure to Chinese imports from Autor, Dorn and Hanson (2013) and
the share of employment in routine jobs. Standard errors robust against heteroskedasticity and correlation within states in
parentheses.
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TABLE Al4: THE EFFECTS OF ROBOTS ON GOVERNMENT TRANSFERS

LONG DIFFERENCES, 1990-2007

STACKED DIFFERENCES, 1990-2000 AND 2000-2007

WEIGHTED BY

EXCLUDES
‘WEIGHTED BY

EXCLUDES

ZONES WITH UNWEIGHTED ZONES WITH UNWEIGHTED
POPULATION POPULATION
HIGH EXPOSURE HIGH EXPOSURE
(1) 2) (3) (4) (5) (6)
Panel A. Dollar value of total transfers per capita
Exposure to robots 23.339 69.215 93.330 51.904 91.010 98.510
(17.377) (37.655) (29.912) (11.899) (28.140) (23.202)
Observations 722 712 722 1444 1424 1444
R-squared 0.69 0.70 0.50 0.80 0.79 0.68
Panel B. Dollar value of SSA retirement benefits per capita
Exposure to robots 28.944 27.525 37.078 17.323 21.248 31.895
(4.766) (10.098) (13.709) (3.209) (9.923) (10.306)
Observations 722 712 722 1444 1424 1444
R-squared 0.62 0.62 0.30 0.55 0.54 0.29
Panel C. Dollar value of SSA disability benefits per capita
Exposure to robots 6.728 4.805 12.217 5.459 7.183 10.586
(2.163) (5.230) (4.374) (1.670) (4.755) (3.427)
Observations 722 712 722 1444 1424 1444
R-squared 0.72 0.72 0.59 0.67 0.67 0.56
Panel D. Dollar value of TAA benefits per capita
Exposure to robots 0.740 0.234 0.603 1.230 0.776 1.405
(0.191) (0.239) (0.381) (0.273) (0.475) (0.479)
Observations 722 712 722 1444 1424 1444
R-squared 0.59 0.57 0.50 0.45 0.34 0.35
Panel E. Dollar value of Unemployment benefits per capita
Exposure to robots 1.141 9.917 -2.636 15.053 21.248 15.329
(2.723) (5.225) (1.863) (2.074) (6.228) (2.854)
Observations 722 712 722 1444 1424 1444
R-squared 0.34 0.36 0.28 0.50 0.47 0.22
Panel F. Dollar value of education and training assistance per capita
Exposure to robots 0.922 10.187 3.289 7.200 11.140 9.173
(2.892) (4.102) (3.441) (1.409) (3.154) (2.060)
Observations 722 712 722 1444 1424 1444
R-squared 0.29 0.31 0.28 0.42 0.41 0.25
Panel G. Dollar value of Medical benefits per capita
Exposure to robots 11.889 22.295 53.493 10.306 26.403 19.750
(13.096) (31.482) (20.387) (10.723) (26.954) (17.268)
Observations 722 712 722 1444 1424 1444
R-squared 0.67 0.68 0.50 0.73 0.73 0.63
Panel H. Dollar value of Federal income assistance per capita
Exposure to robots -12.895 -11.896 0.796 3.784 8.523 14.544
(3.269) (7.358) (5.211) (2.353) (7.521) (3.422)
Observations 722 712 722 1444 1424 1444
R-squared 0.52 0.52 0.26 0.56 0.56 0.50
Covariates:
Baseline covariates v v v v v v

The table presents estimates of the impact of the exposure to robots on transfers, as indicated in each panel. Columns 1-3
present long differences for 1990-2007. Columns 4-6 present stacked differences for 1990-2000 and 2000-2007. Columns 1-2
and 4-5 present regressions weighted by population in 1990. Columns 2 and 5 present results excluding the top one percent
commuting zones with the highest exposure to robots. Columns 3 and 6 present unweighted regressions. All models include
Census division dummies, demographic characteristics of commuting zones in 1990 (log of population, share of males, share
of population above 65 years, shares of population with high school, some college, college and postgraduate education, and
shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing, light manufacturing, construction
and mining in 1990, and the share of female workers in manufacturing employment in 1990, and the exposure to Chinese
imports from Autor, Dorn and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against

heteroskedasticity and correlation within states in parentheses.
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TABLE Al5: THE EFFECTS OF ROBOTS ON MIGRATION

CONTROL FOR BASELINE POPULATION

N EXCLUDES EXCLUDES
‘WEIGHTED BY WEIGHTED BY
ZONES WITH UNWEIGHTED ZONES WITH UNWEIGHTED
POPULATION POPULATION
HIGH EXPOSURE HIGH EXPOSURE

) 2 ®3) (4) (5) (6)
Panel A. Migration rate, long differences 1990-2007.

Exposure to robots 0.031 0.025 -0.013 -0.007 -0.030 -0.058
(0.023) (0.059) (0.039) (0.026) (0.058) (0.031)
Log of baseline population 0.312 0.313 0.459
(0.094) (0.098) (0.069)
Observations 722 712 722 722 712 722
R-squared 0.61 0.61 0.34 0.66 0.65 0.46
Panel B. Migration rate, stacked differences 1990-2000 and 2000-2007.
Exposure to robots -0.023 -0.049 0.028 -0.074 -0.129 -0.048
(0.022) (0.065) (0.045) (0.020) (0.057) (0.034)
Log of baseline population 0.307 0.310 0.405
(0.063) (0.068) (0.047)
Observations 1444 1424 1444 1444 1424 1444
R-squared 0.53 0.52 0.35 0.58 0.58 0.46
Panel C. Log population, long differences 1990-2007
Exposure to robots 0.092 -0.797 -0.586 -0.295 -1.358 -1.023
(0.364) (0.898) (0.528) (0.366) (0.899) (0.516)
Log of baseline population 3.142 3.167 4.418
(0.924) (0.980) (0.618)
Observations 722 712 722 722 712 722
R-squared 0.63 0.62 0.50 0.65 0.65 0.60
Panel D: Log population, stacked differences 1990-2000 and 2000-2007
Exposure to robots -0.082 -0.562 -0.346 -0.368 -1.008 -0.725
(0.158) (0.439) (0.287) (0.165) (0.428) (0.290)
Log of baseline population 1.696 1.718 2.030
(0.424) (0.457) (0.300)
Observations 1444 1424 1444 1444 1424 1444
R-squared 0.60 0.60 0.48 0.63 0.62 0.54
Covariates:
Basehn§ covariates (except v v v v v v
population)
Log population in 1990 v v v

The table presents estimates of the impact of the exposure to robots on migration rates (obtained from the IRS) and log
population. Panel A presents long-differences estimates for the net migration rate, 1990-2007. Panel B presents stacked-
differences estimates for the net migration rate, 1990-2000 and 2000-2007. Panel C presents long-differences estimates for
log population, 1990-2007. Panel D presents stacked-differences estimates for log population, 1990-2000 and 2000-2007.
Columns 1-2 and 4-5 present regressions weighted by population in 1990. Columns 2 and 5 present results excluding the top
one percent commuting zones with the highest exposure to robots. Columns 3 and 6 present unweighted regressions. All
models include Census division dummies, demographic characteristics of commuting zones in 1990 (share of males, share
of population above 65 years, shares of population with high school, some college, college and postgraduate education, and
shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing, light manufacturing, construction
and mining in 1990, and the share of female workers in manufacturing employment in 1990, and the exposure to Chinese
imports from Autor, Dorn and Hanson (2013) and the share of employment in routine jobs. In addition, columns 4-6
control for the log population in 1990. Standard errors robust against heteroskedasticity and correlation within states in
parentheses.
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TABLE Al6: THE EFFECTS OF ROBOTS ON WAGE AND NON-WAGE INCOME

LONG DIFFERENCES 1990-2007 STACKED DIFFERENCES 1990-2000 AND 2000-2007
EXCLUDES ExXcLUDES
WEIGHTED BY WEIGHTED BY :
POPULATION ZONES WITH UNWEIGHTED POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE HIGH EXPOSURE
(1) (2) ®3) (4) (5) (6)
Panel A. log wage income per capita, BEA
Exposure to robots -1.413 -1.998 -1.261 -2.865 -3.474 -3.985
(0.271) (0.694) (0.609) (0.261) (0.800) (0.436)
Observations 722 712 722 1444 1424 1444
R-squared 0.54 0.50 0.48 0.47 0.42 0.32
Panel B. log wage income per capita, IRS
Exposure to robots -1.212 -1.665 -1.458 -2.373 -2.907 -3.749
(0.172) (0.345) (0.415) (0.203) (0.598) (0.402)
Observations 722 712 722 1444 1424 1444
R-squared 0.57 0.53 0.61 0.52 0.48 0.40
Panel C. log total income per capita, BEA
Exposure to robots -1.101 -1.157 -0.691 -2.182 -2.481 -2.608
(0.162) (0.388) (0.442) (0.205) (0.572) (0.350)
Observations 722 712 722 1444 1424 1444
R-squared 0.58 0.53 0.31 0.40 0.33 0.19
Panel D. log nonwage income per capita, BEA
Exposure to robots 0.084 0.029 0.733 -0.340 -0.593 -0.085
(0.307) (1.002) (0.488) (0.428) (1.010) (0.394)
Observations 721 711 721 1443 1423 1443
R-squared 0.50 0.50 0.22 0.23 0.23 0.11
Covariates:
Baseline covariates v v v v v v

The table presents estimates of the impact of the exposure to robots on income. Columns 1-3 present long differences
for 1990-2007. Columns 4-6 present stacked differences for 1990-2000 and 2000-2007. Panel A presents results for log
wage income per capita from the BEA. Panel B presents results for log wage income per capita from the IRS. Panel C
presents results for log total income per capita from the BEA. Panel D presents results for log nonwage income per capita
from the BEA. Columns 1-2 and 4-5 present regressions weighted by population in 1990. Columns 2 and 5 present results
excluding the top one percent commuting zones with the highest exposure to robots. Columns 3 and 6 present unweighted
regressions. All models include Census division dummies, demographic characteristics of commuting zones in 1990 (log of
population, share of males, share of population above 65 years, shares of population with high school, some college, college
and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing,
light manufacturing, construction and mining in 1990, and the share of female workers in manufacturing employment in
1990, and the exposure to Chinese imports from Autor, Dorn and Hanson (2013) and the share of employment in routine
jobs. Standard errors robust against heteroskedasticity and correlation within states in parentheses.
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TABLE Al17: PRE-TRENDS 1970-1990: ADDITIONAL OUTCOMES

LONG DIFFERENCES, 1970-1990

EXCLUDES
WEIGHTED BY POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE
(1) 2) ®3) (4) (5) (6)
Panel A. Manufacturing employment to population ratio
Exposure to robots -0.162 -0.092 0.019 0.048 -0.108 -0.166
(0.082) (0.058) (0.054) (0.054) (0.110) (0.104)
Observations 722 722 722 722 712 722
R-squared 0.44 0.54 0.57 0.61 0.61 0.31
Panel B. Employment to population ratio, including public sector and self employment
Exposure to robots -0.047 -0.036 -0.012 0.001 -0.192 -0.219
(0.066) (0.060) (0.065) (0.065) (0.168) (0.139)
Observations 722 722 722 722 712 722
R-squared 0.12 0.38 0.43 0.44 0.44 0.27
Panel C. Non-participation rate
Exposure to robots 0.197 0.150 0.027 0.023 0.042 0.131
(0.049) (0.038) (0.046) (0.046) (0.145) (0.104)
Observations 722 722 722 722 712 722
R-squared 0.18 0.37 0.43 0.43 0.42 0.35
Panel D. Unemployment rate
Exposure to robots 0.031 0.031 0.041 0.045 0.048 0.050
(0.063) (0.036) (0.036) (0.038) (0.112) (0.068)
Observations 722 722 722 722 712 722
R-squared 0.35 0.55 0.61 0.61 0.60 0.42
Panel E. Log weekly wages
Exposure to robots -0.422 -0.285 0.278 0.313 0.345 -0.137
(0.191) (0.186) (0.224) (0.211) (0.492) (0.318)
Observations 68495 68495 68495 68495 67474 68495
R-squared 0.52 0.52 0.53 0.53 0.53 0.28
Panel F. Log population
Exposure to robots -1.221 -0.636 -0.201 -0.184 -1.558 -1.285
(0.503) (0.437) (0.512) (0.514) (1.136) (0.885)
Observations 722 722 722 722 712 722
R-squared 0.48 0.56 0.63 0.63 0.63 0.34
Covariates:
Censu:? division v v v v v Y
dummies
Demographics v v v v v
Broad industry shares v v v v
Trade and routinization v v v

The table presents estimates of the impact of the exposure to robots on past outcomes, as indicated on each panel. Panel
A presents results for manufacturing employment to population ratio. Panel B presents results for employment (including
self employment and public-sector employment) to population ratio. Panel C presents results for the nonparticipation rate,
defined as the share of people above 16 years of age who are not in the labor force. Panel D presents results for the
unemployment rate, defined as the share of people in the labor force who do not have a job. Panel E present results for
log weekly wage. Panel F present results for log population. For comparison with our main results, all changes in past
outcomes are rescaled to a 14-year equivalent change. The specifications for log weekly wage in Panel E are estimated at
the demographic cell X commuting zone level, where demographic cells are defined by age, gender, education, race, and
birthplace. Column 1 only includes Census division dummies. Column 2 adds demographic characteristics of commuting
zones in 1970 (log of population, share of males, share of population above 65 years, shares of population with high school,
some college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians). Column 3 adds
shares of employment in manufacturing, light manufacturing, construction and mining in 1970, and the share of female
workers in manufacturing employment in 1970. Columns 4-6 add the exposure to Chinese imports from Autor, Dorn
and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against heteroskedasticity and
correlation within states in parentheses.
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TABLE A18: THE EFFECT OF ROBOTS ON EMPLOYMENT AND WAGES: CONTROLLING FOR
CONTEMPORARY INDUSTRY DECLINE

LONG DIFFERENCES, 1990-2007

EXCLUDES
WEIGHTED BY POPULATION ZONES WITH UNWEIGHTED
HIGH EXPOSURE
(1) 2) ®3) (4) (5) (6)
Panel A. Employment to population ratio
Exposure to robots -0.269 -0.299 -0.374 -0.382 -0.459 -0.354
(0.072) (0.044) (0.043) (0.045) (0.133) (0.091)
Bartik of industries -0.094 -0.122 -0.073 -0.057 -0.055 -0.058
in decline (0.012) (0.010) (0.015) (0.014) (0.014) (0.019)
Observations 722 722 722 722 712 722
R-squared 0.41 0.64 0.68 0.69 0.68 0.64
Panel B. Log hourly wage
Exposure to robots -0.978 -0.868 -0.735 -0.742 -0.664 -0.840
(0.115) (0.103) (0.118) (0.108) (0.223) (0.174)
Bartik of industries -0.120 -0.115 -0.087 -0.058 -0.057 -0.057
in decline (0.019) (0.021) (0.024) (0.024) (0.024) (0.022)
Observations 109906 109906 109906 109906 108157 109906
R-squared 0.29 0.29 0.29 0.29 0.29 0.08
Covariates:
Census division
. v v v v v v
dummies
Demographics v v v v v
Broad industry shares v v v v
Trade and routinization v v v

The table presents estimates of the impact of the exposure to robots on employment and wages. Panel A presents long-
differences estimates for employment to population ratio, 1990-2007. Panel B presents long-differences estimates for log
hourly wage, 1990-2007. The specifications in Panel B are estimated at the demographic cell X commuting zone level, where
demographic cells are defined by age, gender, education, race, and birthplace. Columns 1-5 present regressions weighted by
population in 1990. Column 5 presents results excluding the top one percent commuting zones with the highest exposure
to robots. Column 6 presents unweighted regressions. The covariates included in each model are indicated at the bottom
rows. Column 1 only includes Census division dummies. Column 2 adds demographic characteristics of commuting zones
in 1990 (log of population, share of males, share of population above 65 years, shares of population with high school, some
college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians). Column 3 adds shares
of employment in manufacturing, light manufacturing, construction and mining in 1990, and the share of female workers
in manufacturing employment in 1990. Columns 4-6 add the exposure to Chinese imports from Autor, Dorn and Hanson
(2013) and the share of employment in routine jobs. Standard errors robust against heteroskedasticity and correlation
within states in parentheses.
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TABLE A19: ROTEMBERG WEIGHTS

‘WEIGHTED BY POPULATION UNWEIGHTED
EXCLUDES EXCLUDES EXCLUDES
BASELINE BASELINE
RAW DATA ZONES WITH AUTOMOTIVE AUTOMOTIVE
COVARIATES ) } COVARIATES
HIGH EXPOSURE ~ MANUFACTURING MANUFACTURING

(1) 2 (3) (4) (5) (6)
Panel A. Long differences, 1990-2007

Metal products .034 -.001 .041 .059 .027 .061
Basic metals .035 -.011 .026 .053 .023 .049
Plastic and chemicals 137 15 .503 .894 .395 873
Automotive .802 .888 439 -.001 579 -.001

Panel B. Stacked differences, 1990-2000 and 2000-2007

Food and beveradges 2000-2007 -.005 -.007 .001 .009 .001 021
Wood and Furniture 2000-2007 -.004 -.007 -.01 -.001 -.003 .018
Industrial Machinery 1990-2000 -.002 .006 .012 011 .008 .009
Mining 1990-2000 0 .002 .006 .006 .008 .019
Ships and plains 1990-2000 .002 .002 015 .033 .004 .019
Basic metals 1990-2000 .005 -.009 -.015 -.002 -.007 .01
Electronics 2000-2007 .005 .001 .032 .029 .016 .021
Ships and plains 2000-2007 011 .015 .033 .073 .006 027
Industrial Machinery 2000-2007 .015 .009 .027 .022 .016 .018
Automotive 1990-2000 .016 -.033 -.026 0 -.018 0

Basic metals 2000-2007 .019 011 .04 .054 .026 .038
Metal products 2000-2007 .026 .019 .058 .067 .045 .073
Plastic and chemicals 1990-2000 .04 .024 .085 313 .082 372
Plastic and chemicals 2000-2007 .05 .049 .168 377 14 .356
Automotive 2000-2007 817 919 576 0 .687 0

The table presents Rotemberg weights for the industries (and industries by time period) used in the construction of the
exposure to robots measure, as explained in Goldsmith-Pinkham, Sorkin and Swift (2018). Panel A present these weights
for long-differences specifications, 1990-2007, and panel B report these weights for stacked-differences specifications, 1990-
2000 and 2000-2007. In both panels, we report the Rotemberg weights only for industries with a weight above 2% in one
of our specifications. Column 1 presents Rotemberg weights for an specification with no covariates. Columns 2 and 5
present Rotemberg weights for an specification with our baseline covariates (from column 4 in table 2). Column 3 presents
Rotemberg weights for an specification that excludes the top one percent commuting zones with the highest exposure
to robots. Columns 4 and 6 present Rotemberg weights for an specification that controls for the exposure to robots in
automotive manufacturing. Columns 1-4 are for regression models weighted by population. Columns 5-6 are for unweighted
models.
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TABLE A21: THE EFFECT OF ROBOTS ON EMPLOYMENT: ALTERNATIVE CONSTRUCTIONS OF
EXPOSURE TO ROBOTS

ESTIMATES FOR EMPLOYMENT TO POPULATION RATIO

IV ESTIMATES,

LONG DIFFERENCES, 1990-2007 STACKED DIFFERENCES, 1990-2000 AND 2000-2007 1990-2007
EXCLUDES ExcLupEs .
WEIGHTED BY WEIGHTED BY WEIGHTED BY
POPULATION ZONES WITH UNWEIGHTED POPULATION ZONES WITH UNWEIGHTED POPULATION
HIGH EXPOSURE HIGH EXPOSURE
) (2) (3) (4) (5) (6) Q)
Panel A. Baseline construction of the instrument
Exposure to robots -0.410 -0.524 -0.416 -0.511 -0.709 -0.680
(0.053) (0.136) (0.092) (0.052) (0.155) (0.084)
US robot adoption -0.380
(0.083)
Observations 722 712 722 1444 1424 1444 722
R-squared 0.68 0.67 0.63 0.43 0.42 0.40 0.65
First-stage F-statistic 47.4
Panel B. Exposure computed using employment shares in 1990
Exposure to robots -0.659 -0.678 -0.588 -1.020 -1.426 -1.124
(0.092) (0.179) (0.162) (0.141) (0.269) (0.104)
US robot adoption -0.322
(0.058)
Observations 722 712 722 1444 1424 1444 722
R-squared 0.67 0.66 0.63 0.46 0.45 0.41 0.66
First-stage F-statistic 7.3
Panel C. Including penetration of robots in Germany
Exposure to robots -0.317 -0.495 -0.357 -0.428 -0.659 -0.596
(0.047) (0.134) (0.080) (0.041) (0.145) (0.086)
US robot adoption -0.352
(0.069)
Observations 722 712 722 1444 1424 1444 722
R-squared 0.68 0.67 0.63 0.42 0.42 0.39 0.66
First-stage F-statistic 173.5
Panel D. Including penetration of robots in 9 European countries
Exposure to robots -0.325 -0.548 -0.381 -0.439 -0.718 -0.660
(0.051) (0.157) (0.089) (0.042) (0.152) (0.105)
US robot adoption -0.338
(0.062)
Observations 722 712 722 1444 1424 1444 722
R-squared 0.68 0.67 0.63 0.41 0.41 0.39 0.66
First-stage F-statistic 405.6
Panel E. Using the raw penetration of robots
Exposure to robots -0.313 -0.437 -0.317 -0.417 -0.575 -0.526
(0.045) (0.113) (0.076) (0.042) (0.135) (0.084)
US robot adoption -0.367
(0.077)
Observations 722 712 722 1444 1424 1444 722
R-squared 0.68 0.67 0.63 0.41 0.41 0.38 0.66
First-stage F-statistic 91.9
Panel F. Adjusting robot quantities using relative robot prices
Exposure to robots -0.420 -0.577 -0.436 -0.526 -0.744 -0.695
(0.057) (0.154) (0.101) (0.072) (0.206) (0.080)
US robot adoption -0.365
(0.076)
Observations 722 712 722 1444 1424 1444 722
R-squared 0.68 0.67 0.63 0.44 0.43 0.40 0.66
First-stage F-statistic 78.5
Covariates:
Baseline covariates v v v v v v v

The table presents estimates of the impact of the exposure to robots on the employment to population ratio. Columns
1-3 present long differences for 1990-2007. Columns 4-6 present stacked differences for 1990-2000 and 2000-2007. Column
7 presents IV estimates for 1990-2007. Panel A presents results for the baseline construction of the exposure to robots
measure. Panel B computes the exposure to robots measure using the 1990 employment shares. Panel C includes Germany
in the construction of the exposure to robots measure. Panel D uses the 9 European countries for which the IFR carries
data to construct the exposure to robots measure. Panel E computes the exposure to robots measure using the raw
robot penetration by industry. Panel F computes the exposure to robots adjusting for differences in robot prices across
industries. Columns 1-2, 4-5, and 7 present regressions weighted by population in 1990. Columns 2 and 5 present results
excluding the top one percent commuting zones with the highest exposure to robots. Columns 3 and 6 present unweighted
regressions. All models include Census division dummies, demographic characteristics of commuting zones in 1990 (log of
population, share of males, share of population above 65 years, shares of population with high school, some college, college
and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing,
light manufacturing, construction and mining in 1990, and the share of female workers in manufacturing employment in
1990, and the exposure to Chinese imports from Autor, Dorn and Hanson (2013) and the share of employment in routine
jobs. Standard errors robust against heteroskedasticity and correlation within states in parentheses.
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TABLE A22: THE EFFECT OF ROBOTS ON WAGES: ALTERNATIVE CONSTRUCTIONS OF EXPO-
SURE TO ROBOTS

ESTIMATES FOR LOG HOURLY WAGE

LONG DIFFERENGES, 1990-2007 STACKED DIFFERENCES, 1990-2000 AND 2000-2007 IV BSTIMATES,

1990-2007
EXcLUDES . i EXcLUDES
‘WEIGHTED BY - : - WEIGHTED BY o i - WEIGHTED BY
POPULATION ZONES WII%I UNWEIGHTED POPULATION ZONES WITH UNWEIGHTED POPULATION
HIGH EXPOSURE HIGH EXPOSURE
1) (2 (3) O] (5) (6) M
Panel A. Baseline construction of the instrument
Exposure to robots -0.770 -0.729 -0.898 -1.300 -1.577 -1.601
(0.109) (0.223) (0.177) (0.157) (0.523) (0.264)
US robot adoption -0.727
(0.150)
Observations 109906 108157 109906 236008 232243 257583 109906
R-squared 0.29 0.29 0.08 0.25 0.24 0.08 0.29
First-stage F-statistic 49.8
Panel B. Exposure computed using employment shares in 1990
Exposure to robots -1.218 -0.851 -1.139 -2.482 -3.067 -2.731
(0.207) (0.334) (0.273) (0.310) (0.673) (0.363)
US robot adoption -0.616
(0.108)
Observations 109906 108157 109906 236008 232243 257583 109906
R-squared 0.29 0.29 0.08 0.25 0.24 0.08 0.29
First-stage F-statistic 83.7
Panel C. Including penetration of robots in Germany
Exposure to robots -0.592 -0.640 -0.735 -1.100 -1.404 -1.341
(0.082) (0.176) (0.129) (0.115) (0.455) (0.216)
US robot adoption -0.676
(0.123)
Observations 109906 108157 109906 236008 232243 257583 109906
R-squared 0.29 0.29 0.08 0.24 0.23 0.08 0.29
First-stage F-statistic 182.0
Panel D. Including penetration of robots in nine European countries
Exposure to robots -0.608 -0.689 -0.773 -1.148 -1.530 -1.454
(0.085) (0.180) (0.131) (0.111) (0.461) (0.232)
US robot adoption -0.652
(0.113)
Observations 109906 108157 109906 236008 232243 257583 109906
R-squared 0.29 0.29 0.08 0.24 0.23 0.08 0.29
First-stage F-statistic 425.3
Panel E. Using the raw penetration of robots
Exposure to robots -0.570 -0.545 -0.667 -1.047 -1.104 -1.140
(0.079) (0.170) (0.129) (0.141) (0.453) (0.208)
US robot adoption -0.691
(0.132)
Observations 109906 108157 109906 236008 232243 257583 109906
R-squared 0.29 0.29 0.08 0.24 0.23 0.08 0.29
First-stage F-statistic 97.6
Panel F. Adjusting robot quantities using relative robot prices
Exposure to robots -0.793 -0.809 -0.959 -1.340 -1.706 -1.662
(0.110) (0.224) (0.166) (0.187) (0.556) (0.268)
US robot adoption -0.706
(0.140)
Observations 109906 108157 109906 236008 232243 257583 109906
R-squared 0.29 0.29 0.08 0.25 0.24 0.08 0.29
First-stage F-statistic 83.3
Covariates:
Baseline covariates v v v v v v v

The table presents estimates of the impact of the exposure to robots on the log hourly wage. Columns 1-3 present long
differences for 1990-2007. Columns 4-6 present stacked differences for 1990-2000 and 2000-2007. Column 7 presents IV esti-
mates for 1990-2007. The specifications are estimated at the demographic cell X commuting zone level, where demographic
cells are defined by age, gender, education, race, and birthplace. Panel A presents results for the baseline construction of
the exposure to robots measure. Panel B computes the exposure to robots measure using the 1990 employment shares.
Panel C includes Germany in the construction of the exposure to robots measure. Panel D uses the 9 European countries
for which the IFR carries data to construct the exposure to robots measure. Panel E computes the exposure to robots
measure using the raw robot penetration by industry. Panel F computes the exposure to robots adjusting for differences
in robot prices across industries. Columns 1-2, 4-5, and 7 present regressions weighted by population in 1990. Columns
2 and 5 present results excluding the top one percent commuting zones with the highest exposure to robots. Columns 3
and 6 present unweighted regressions. All models include Census division dummies, demographic characteristics of com-
muting zones in 1990 (log of population, share of males, share of population above 65 years, shares of population with high
school, some college, college and postgraduate education, and shares of Whites, Blacks, Hispanics and Asians), shares of
employment in manufacturing, light manufacturing, construction and mining in 1990, and the share of female workers in
manufacturing employment in 1990, and the exposure to Chinese imports from Autor, Dorn and Hanson (2013) and the
share of employment in routine jobs. Standard errors robust against heteroskedasticity and correlation within states in
parentheses.
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TABLE A23: THE EFFECTS OF ROBOTS ON EMPLOYMENT AND WAGES: THE ROLE OF OUTLIERS

EXCLUDES
‘WEIGHTED BY EXCLUDES OBSERVATIONS RoBusT MEDIAN
POPULATION DETROIT WITH LARGE REGRESSION REGRESSION
RESIDUALS
(1) (2) 3) (4) (5)
Panel A. Long differences for employment to population ratio, 1990-2007
Exposure to robots -0.410 -0.460 -0.414 -0.435 -0.426
(0.053) (0.095) (0.049) (0.084) (0.112)
Observations 722 721 681 722 722
R-squared 0.68 0.67 0.72 0.70

Panel B. Stacked differences for employment to population ratio, 1990-2000 and 2000-2007

Exposure to robots -0.511 -0.632 -0.521 -0.682 -0.644
(0.052) (0.111) (0.049) (0.075) (0.101)
Observations 1444 1442 1358 1444 1444
R-squared 0.43 0.42 0.47 0.39
Panel C. Long differences for log hourly wage, 1990-2007
Exposure to robots -0.770 -0.767 -0.755 -0.755 -0.829
(0.109) (0.153) (0.107) (0.125) (0.118)
Observations 109906 109504 102675 109909 109909
R-squared 0.29 0.28 0.34 0.01
Panel D. Stacked differences for log hourly wage, 1990-2000 and 2000-2007
Exposure to robots -1.300 -1.435 -1.299 -1.088 -1.120
(0.157) (0.362) (0.156) (0.115) (0.102)
Observations 236008 235189 220719 257600 257600
R-squared 0.25 0.24 0.30 0.02
Covariates:
Baseline covariates v v v v v

The table presents estimates of the impact of the exposure to robots on employment and wages. Panel A presents long dif-
ferences for employment to population ratio, 1990-2007. Panel B presents stacked differences for employment to population
ratio, 1990-2000 and 2000-2007. Panel C presents long differences for log hourly wage, 1990-2007. Panel D presents stacked
differences for log hourly wage, 1990-2000 and 2000-2007. The specifications in panels C-D are estimated at the demo-
graphic cell X commuting zone level, where demographic cells are defined by age, gender, education, race, and birthplace.
Columns 1-3 present regressions weighted by population in 1990. Column 2 excludes Detroit from the sample. Column 3
excludes observations with a residual above or below two estimated standard deviations in column 1 and re-estimates the
model. Column 4 presents a robust regression as in Li (1985). Column 5 presents a median regression. All models include
Census division dummies, demographic characteristics of commuting zones in 1990 (log of population, share of males, share
of population above 65 years, shares of population with high school, some college, college and postgraduate education, and
shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing, light manufacturing, construction
and mining in 1990, and the share of female workers in manufacturing employment in 1990, and the exposure to Chinese
imports from Autor, Dorn and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against
heteroskedasticity and correlation within states in parentheses.
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TABLE A24: THE EFFECT OF ROBOTS ON EMPLOYMENT AND WAGES: ADDITIONAL COVARIATES

ESTIMATES FOR EMPLOYMENT ESTIMATES FOR LOG HOURLY WAGE
B EXCLUDES EXCLUDES
WEIGHTED BY WEIGHTED BY
ZONES WITH UNWEIGHTED ZONES WITH UNWEIGHTED
POPULATION POPULATION
HIGH EXPOSURE HIGH EXPOSURE

(1) 2) ®3) (4) (5) (6)
Panel A. Long differences 1990-2007, controlling for state fixed effects

Exposure to robots -0.263 -0.386 -0.258 -0.449 -0.515 -0.611
(0.068) (0.124) (0.087) (0.133) (0.190) (0.157)
Observations 722 712 722 109906 108157 109906
R-squared 0.80 0.80 0.74 0.30 0.29 0.08
Panel B. Stacked differences 1990-2000 and 2000-2007, controlling for state fixed effects
Exposure to robots -0.529 -0.666 -0.670 -1.348 -1.656 -1.548
(0.066) (0.174) (0.085) (0.209) (0.561) (0.287)
Observations 1444 1424 1444 236008 232243 257583
R-squared 0.47 0.46 0.47 0.25 0.24 0.08
Panel C. Long differences 1990-2007, controlling for lagged-dependent variable
Exposure to robots -0.361 -0.352 -0.351 -0.621 -0.588 -0.739
(0.048) (0.098) (0.113) (0.121) (0.248) (0.190)
Observations 722 712 722 109906 108157 109906
R-squared 0.75 0.75 0.68 0.42 0.41 0.28
Panel D. Stacked differences 1990-2000 and 2000-2007, controlling for lagged dependent variable
Exposure to robots -0.433 -0.476 -0.610 -1.116 -1.376 -1.407
(0.056) (0.138) (0.089) (0.164) (0.510) (0.265)
Observations 1444 1424 1444 236008 232243 257583
R-squared 0.57 0.56 0.45 0.45 0.44 0.43
Panel E. Long differences 1990-2007, controlling for change in demographics
Exposure to robots -0.402 -0.518 -0.360 -0.813 -0.726 -0.808
(0.048) (0.129) (0.087) (0.099) (0.200) (0.172)
Observations 722 712 722 109906 108157 109906
R-squared 0.76 0.75 0.75 0.29 0.29 0.08
Panel F. Stacked differences 1990-2000 and 2000-2007, controlling for change in demographics
Exposure to robots -0.476 -0.598 -0.617 -1.185 -1.325 -1.425
(0.046) (0.153) (0.079) (0.157) (0.503) (0.256)
Observations 1444 1424 1444 236008 232243 257583
R-squared 0.57 0.56 0.52 0.25 0.24 0.08
Covariates:
Baseline covariates v v v v v v

The table presents estimates of the impact of the exposure to robots on employment and wages. Panel A presents long
differences for 1990-2007 controlling for state fixed effects. Panel B presents stacked differences for 1990-2000 and 2000-2007
controlling for state fixed effects. Panel C presents long differences for 1990-2007 controlling for lagged-dependent variables.
Panel D presents stacked differences for 1990-2000 and 2000-2007 controlling for lagged-dependent variables. Panel A
presents long differences for 1990-2007 controlling for the change in demographic characteristics included as covariates.
Panel B presents stacked differences for 1990-2000 and 2000-2007 controlling for the change in demographic characteristics
included as covariates. Columns 1-3 present estimates for employment to population ratio. Columns 4-6 present estimates
for log hourly wage. The specifications in columns 4-6 are estimated at the demographic cell X commuting zone level, where
demographic cells are defined by age, gender, education, race, and birthplace. Columns 1-2 and 4-5 present regressions
weighted by population in 1990. Columns 2 and 5 present results excluding the top one percent commuting zones with the
highest exposure to robots. Columns 3 and 6 present unweighted regressions. All models include Census division dummies,
demographic characteristics of commuting zones in 1990 (log of population, share of males, share of population above 65
years, shares of population with high school, some college, college and postgraduate education, and shares of Whites, Blacks,
Hispanics and Asians), shares of employment in manufacturing, light manufacturing, construction and mining in 1990, and
the share of female workers in manufacturing employment in 1990, and the exposure to Chinese imports from Autor, Dorn
and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against heteroskedasticity and
correlation within states in parentheses.
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TABLE A25: REDUCED-FORM ESTIMATES USING OTHER PROXIES FOR AUTOMATION TECH-
NOLOGIES

LONG DIFFERENCES 1990-2007

ESTIMATES FOR EMPLOYMENT ESTIMATES FOR LOG HOURLY WAGE
EXCLUDES EXCLUDES
WEIGHTED BY ZONES WITH WEIGHTED BY ZONES WITH
UNWEIGHTED UNWEIGHTED
POPULATION HIGH EXPOSURE POPULATION HIGH EXPOSURE
TO ROBOTS TO ROBOTS

) 2 ®3) ) ) (6)

Panel A. Exposure to industries with replaceable jobs

Exposure to replaceable jobs -0.277 -0.244 -0.228 -0.301 -0.210 -0.330
(0.068) (0.062) (0.059) (0.127) (0.111) (0.086)

Observations 722 712 722 109906 108157 109906

R-squared 0.66 0.67 0.64 0.29 0.29 0.08

Panel B. Exposure to industries with greatest potential for robots, BCG

Exposure to industries with greatest -0.076 -0.060 -0.058 -0.122 -0.078 -0.106

potential for robots, BCG (0.019) (0.019) (0.020) (0.041) (0.038) (0.038)

Observations 722 712 722 109906 108157 109906

R-squared 0.66 0.66 0.63 0.29 0.29 0.08

Covariates:

Baseline covariates v v v v v v

The table presents estimates of the impact of the exposure to several proxies of automation on employment and wages. Panel
A present results for the exposure to industries with replaceable jobs, constructed by interacting the share of replaceable
jobs by industry in 1990 with the baseline employment share of that industry in the commuting zone. Panel B present
results for the exposure to industries with the greatest potential for the use of robots, constructed as the baseline share
of employment in automotive manufacturing, electronics, plastics and chemicals, and metal-working industries. Columns
1-3 present long-differences estimates for employment to population ratio, 1990-2007. Columns 4-6 present long-differences
estimates for log hourly wage, 1990-2007. The specifications in columns 4-6 are estimated at the demographic cell X
commuting zone level, where demographic cells are defined by age, gender, education, race, and birthplace. Columns 1-2
and 4-5 present regressions weighted by population in 1990. Columns 2 and 5 present results excluding the top one percent
commuting zones with the highest exposure to robots. Columns 3 and 6 present unweighted regressions. All models include
Census division dummies, demographic characteristics of commuting zones in 1990 (log of population, share of males, share
of population above 65 years, shares of population with high school, some college, college and postgraduate education, and
shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing, light manufacturing, construction
and mining in 1990, and the share of female workers in manufacturing employment in 1990, and the exposure to Chinese
imports from Autor, Dorn and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against
heteroskedasticity and correlation within states in parentheses.
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TABLE A26: OLS ESTIMATES OF THE RELATIONSHIP BETWEEN US EXPOSURE TO ROBOTS
AND EMPLOYMENT AND WAGES

ESTIMATES FOR EMPLOYMENT ESTIMATES FOR LOG HOURLY WAGE

) (2) ®3) (4)
Panel A. Long-differences between 1990 and 2007

US robot adoption -0.283 -0.267 -0.772 -0.512
(0.063) (0.043) (0.085) (0.089)
Observations 722 722 109906 109906
R-squared 0.26 0.65 0.28 0.29
Panel B. Long-differences between 1990 and 2014
US robot adoption -0.297 -0.170 -1.092 -0.891
(0.103) (0.052) (0.118) (0.107)
Observations 722 722 115180 115180
R-squared 0.29 0.55 0.38 0.41
Panel C. Long-differences between 2000 and 2007
US robot adoption -0.640 -0.599 -1.321 -1.103
(0.123) (0.073) (0.183) (0.140)
Observations 722 722 131494 131494
R-squared 0.36 0.69 0.18 0.18
Panel D. Long-differences between 2000 and 2014
US robot adoption -0.470 -0.288 -1.509 -1.363
(0.164) (0.052) (0.141) (0.143)
Observations 722 722 143502 143502
R-squared 0.37 0.68 0.28 0.30
Covariates:
Division dummies v v v v
Baseline covariates v v

The table presents OLS estimates corresponding to the IV models in columns 1-2 and 4-5 of Table 7. Each panel presents
long-differences estimates for a different time period, and we rescale the US exposure measure to match the length of
that period. Columns 1-3 present long-differences estimates for employment to population ratio, 1990-2007. Columns
4-6 present long-differences estimates for log hourly wage, 1990-2007. The specifications in columns 4-6 are estimated at
the demographic cell X commuting zone level, where demographic cells are defined by age, gender, education, race, and
birthplace. All regressions are weighted by population in 1990. All models include Census division dummies. In addition,
columns 2 and 4 control for demographic characteristics of commuting zones in 1990 (log of population, share of males, share
of population above 65 years, shares of population with high school, some college, college and postgraduate education, and
shares of Whites, Blacks, Hispanics and Asians), shares of employment in manufacturing, light manufacturing, construction
and mining in 1990, and the share of female workers in manufacturing employment in 1990, and the exposure to Chinese
imports from Autor, Dorn and Hanson (2013) and the share of employment in routine jobs. Standard errors robust against
heteroskedasticity and correlation within states in parentheses.
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TABLE A28:

QUANTITATIVE RESULTS FOR DIFFERENT PARAMETRIZATIONS OF OUR MODEL

CHANGING VALUE OF 7

CHANGING VALUE OF %

7T()=0‘1 7T()=0‘3 7T()=0‘5 % =2 % =3 % =4
Baseline ¢, o, A n=050e=016 n=072¢=016 n=112¢=016 n=123¢=0.16 n=072¢=0.16 n=047¢=0.16
dln L =-0.77 dIn L = -0.55 dln L = -0.32 dln L = -0.64 dIn L = -0.55 dln L = -0.46
dlnW = -0.53 dlnW = -0.37 dlnW = -0.21 dlnW = -0.44 dlnW = -0.37 dlnW = -0.31

Changing 1:

Y=0
¥ =0.1
¥ =0.15

Changing o:
o=0.5

Changing A:
A=25

n=0.50¢=0.18
dIn L = -0.76
dlnW = -0.53

n=0.50 ¢ = 0.07
dinL = -0.81
dlnW = -0.52

n=0.50 ¢ = 0.02
dinL = -0.84
dInW = -0.51

n=049 ¢ = 0.16
dlnL = -0.76
dlnW = -0.52

n = 0.51¢=0.16
dlnL =-0.78
dInW = -0.54

n=052¢c=016
dlnL = -0.79
dIn W = -0.55

n=0.49 ¢=0.16
dln L = -0.76
dlnW = -0.52

n=0.72¢=0.18
dInL = -0.54
dlnW = -0.38

n=0.72¢=0.07
dIn L = -0.60
dInW = -0.36

n=0.72¢=0.02
dlnL =-0.63
dlnW = -0.34

n=068¢=0.16
dlnL = -0.51
dlnW = -0.35

n=0.76 ¢ = 0.16
dlnL = -0.58
dln W = -0.39

n=0.82¢e¢=0.16
dln L = -0.62
dInW = -0.42

n=0.69 ¢ =0.16
dln L = -0.52
dlnW = -0.35

n=112¢=0.18
dlnL =-0.31
dlnW = -0.22

n=112¢=0.07
dIn L =-0.38
dInW =-0.19

n=112¢=0.02
dinL = -0.42
dlnW =-0.18

n=103¢c=0.16
dlnL = -0.27
dlnW = -0.18

n=121¢=0.16
dlnL =-0.38
dInW = -0.25

n=134¢=0.16
dinL = -0.45
dlnW = -0.30

n=104¢=0.16
dln L = -0.28
dlnW =-0.18

n=123¢=0.18
dIn L = -0.63
dlnW = -0.44

n=123¢=0.07
dln L = -0.68
dInW = -0.42

n=123¢=0.02
dlnL =-0.71
dinW = -0.41

n=119¢=0.16
dlnL = -0.61
dlnW = -0.42

n=127¢=0.16
dIn L = -0.66
dInW = -0.45

n=148¢=0.16
dinL = -0.77
dlnW = -0.53

n=113¢=0.16
dIn L = -0.58
dlnW = -0.40

n=0.72¢=0.18
dInL = -0.54
dlnW = -0.38

n=0.72¢=0.07
dIn L = -0.60
dInW = -0.36

n=0.72¢=0.02
dlnL = -0.63
dlnW = -0.34

n=0.68¢c=0.16
dlnL = -0.51
dlnW = -0.35

n=0.76 ¢ = 0.16
dlnL = -0.58
dln W = -0.39

n=0.82¢=0.16
dIn L = -0.62
dinW = -0.42

n=0.69 ¢=0.16
dln L = -0.52
dlnW = -0.35

1n=047¢=0.18
dIn L = -0.45
dlnW = -0.31

n =047 ¢=0.07
dln L =-0.51
dInW =-0.29

n =047 ¢ =0.02
dIn L = -0.55
dlnW =-0.28

n=043¢=0.16
dlnL = -0.41
dlnW = -0.28

n=0.51¢=0.16
dln L = -0.50
dinW = -0.34

n=0.48 ¢ =0.16
dln L = -0.47
dlnW = -0.32

n =047 ¢=0.16
dln L = -0.45
dlnW = -0.30

The table presents our estimates for n and e, and the aggregate decline on employment and wages predicted by our model
under different parametrizations. Columns vary the values of w9 and % used, as indicated in the top row. Rows vary the

values of 1, 0 and A used, as indicated in the left column.
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