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By Daron Acemoglu, Claire Lelarge, and Pascual Restrepo*
and productivity.2 But its interpretation is complicated by the fact that firms adopting automation technologies reduce their costs and may
expand at the expense of their competitors.
In this paper, we study 
firm-level changes
associated with robot adoption by using data
from France between 2010 and 2015. Consistent
with our theoretical expectations (which are
developed further in the online Appendix), we
find that fi
 rm-level adoption of robots coincides
with declines in labor shares, increases in value
added and productivity, and declines in the
share of production workers. In contrast to the
market-level effects, however, overall employment increases faster in firms adopting robots.
This positive employment effect may be
because firms with greater growth potential are
more likely to adopt robots, generating a classic omitted variable bias. Equally important,
this positive effect may be a consequence of
reallocation of output and labor toward firms
that reduce their costs relative to their competitors. We show that such reallocation accounts for
the positive fi
 rm-level impact of robots. Firms
whose competitors adopt robots experience
significant declines in value added and employment.3 In fact, the overall impact of robot adoption (combining own and spillover effects) is
negative and implies that a 20 percentage point
increase in robot adoption (as in our sample) is
associated with a 3.2 percent decline in industry
employment.

Automation substitutes capital for tasks previously performed by labor, reducing the labor
share of value added and increasing value added
per worker in the process. While the higher productivity from automation tends to increase labor
demand, its displacement effect may outweigh
this positive impact and may lead to an overall
decline in employment and wages (Acemoglu
and Restrepo 2019). Acemoglu and Restrepo
(forthcoming) estimates negative effects from
the introduction of one of the leading examples
of automation technology, industrial robots,
across US local labor markets, suggesting that
the displacement effects could be significantly
larger than the productivity effect.1 Firm-level
evidence is useful as well for understanding how
automation is affecting the production process
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1
Graetz and Michaels (2018) uses variation across
industries and countries and finds lower labor share and
higher productivity from robots, but negative effects only
for unskilled workers. Aghion, Antonin, and Bunel (2019)
finds negative regional employment effects in France, while

Dauth et al. (2019) estimates employment declines in manufacturing, but not overall, across German regions.
2
For papers using fi
 rm-level data on robots, see Dinlersoz
and Wolf (2018); Bessen et al. (2019); Dixon, Hong, and
Wu (2019); Bonfiglioli et al. (2019); Humlum (2019); and
Koch, Manuylov, and Smolka (2019).
3
This aligns with Koch, Manuylov, and Smolka’s (2019)
findings from Spain.
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I. Data on French Robots

Our sample includes 55,390 firms that were
active from 2010 to 2015 in the French manufacturing sector. For these firms, we have data
on sales, value added, employment (total hours
of work), share of production workers, and
wages (and can estimate total factor productivity). For firms that export, we also have data on
export prices and quantities by detailed product.
Further information on the data and the sample
are provided in the online Appendix.
We identified 598 manufacturing firms that
adopted (purchased) industrial robots during
this period by using several sources, including a
survey by the Ministry of Industry, information
provided by French robot suppliers about their
list of clients, customs data on imports of industrial robots by firm, and the French fiscal files,
which include information on accelerated depreciation allowances for the purchase of industrial
robots. Although only 1 percent of our firms
purchased robots in 2010–2015, these firms
account for 20 percent of total manufacturing
employment. Table A.1 in the online Appendix
describes our sample.
Figure 1 presents information on robot adopters. These tend to be the larger firms, as shown
by the higher rates of adoption at top percentiles
of the size distribution within the 258 four-digit
industries in our sample. For example, 13 percent of firms in the top 1 percent of the industry
sales distribution adopted robots, while there is
almost no robot adoption among firms below
the twentieth percentile of the sales distribution.
Robot adopters are also likely to be in industries
where there are more major advances in robotics
technology and more rapid spread of robots in
other industrialized economies. In particular, the
figure shows that adoption rates are about 50 percent higher in industries with greater adjusted
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Finally, we use our data to study the decline
in the French manufacturing labor share. As
in Autor et al. (forthcoming), we find that this
decline is explained by a lower covariance
between firm-level value added and labor share.
However, in our data, this pattern is explained
not so much because expanding firms had lower
labor shares (or higher markups) but because
firms adopting robots are large and expand
further as they experience significant relative
declines in their labor share.

Share of robot purchasers

384

Percentile
Figure 1. Share of Robot Adopters among Firms in
Different Percentiles of the Sales Distribution
within Four-Digit Industries; Shown for All
Industries and for Industries with High and Low APR

penetration of robots (APR) in other European
countries (shown with darker shading).4
II. Firm-Level Changes

We first study 
firm-level changes in value
added, productivity, the labor share, employment, and wages associated with robot adoption.
Specifically, we estimate the following regression model by ordinary least squares across
firms, denoted by f  :
(1)	Δln yf  = β ⋅ Robotf   + γ ⋅ Xf

	
+  αi(f  )  + δc(f )  + εf   .

On the right-hand side we use the change in
the log of several firm-level outcomes between
2010 and 2015. The main regressor is Robotf , a
dummy for whether the firm adopted robots in
2010–2015. We control for baseline firm characteristics that are likely to be correlated with
subsequent changes in our variables of interest (log employment and log value added per
4
The APR measures the common increase in robot use in
an industry among advanced economies (excluding France)
since 1993 and adjusts for the mechanical effect of industry
growth on robot use (see Acemoglu and Restrepo forthcoming). Manufacturing industries with a high APR are pharmaceuticals, chemicals, plastics, food and beverages, metal
products, primary metals, industrial machinery, and automotive. Industries with a low APR are paper and printing,
textiles and apparel, electronic appliances, furniture, mineral
products, and other transportation vehicles.
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Table 1—Estimates of Effects of Robot Adoption on F
 irm-Level Outcomes
  log
Δ
value
added
(1)

Δ labor
share
(2)

Δ production
employment
share
(3)

Δ log value
added
per hour
(4)

Δ log
revenue
TFP
(5)

Δ log
Δ log mean
employment
hourly
(in hours)
wage
(6)
(7)

Panel A. Unweighted estimates
Robot adopter
0.204
(0.030)
R  2
0.083

−0.043
(0.009)
0.161

−0.016
(0.007)
0.014

0.095
(0.018)
0.222

0.024
(0.007)
0.196

0.109
(0.020)
0.093

0.009
(0.004)
0.024

Panel B. E
 mployment-weighted estimates
Robot adopter
0.094
−0.027
(0.025)
(0.012)
R  2
0.216
0.274

−0.006
(0.006)
0.080

0.040
(0.029)
0.323

−0.011
(0.013)
0.298

0.054
(0.017)
0.188

−0.008
(0.008)
0.139

Notes: The sample consists of 55,390 firms, of which 598 are robot adopters. Panel A presents unweighted estimates. Panel
B presents estimates weighting each firm by its employment (in hours) in 2010. All specifications control for baseline firm
characteristics (log employment and log value added per worker in 2010, as well as dummies for whether the firm is affiliated
with a larger corporate group), four-digit industry fixed effects for the main industry in which each firm operates, and fixed
effects for the commuting zone that houses each firm’s largest establishment. The online Appendix describes the construction
of all variables used as outcomes. Standard errors robust to heteroskedasticity and correlation within four-digit industries are
in parentheses.

worker in 2010, as well as dummies for whether
the firm is affiliated with a larger corporate
group); four-digit industry fixed effects for the
main industry in which each firm operates, αi(f  );
and fixed effects for the commuting zone that
houses each firm’s largest establishment, δ
 c(  f   ).
We report standard errors that are robust to heteroskedasticity and cross-firm correlation within
four-digit industries.
Table 1 reports our findings using
unweighted specifications (in panel A) and
employment-weighted specifications (in panel
B). The results in panel A show that, consistent
with our theoretical expectations, robot adoption is associated with a 20 percent increase
in value added from 2010 to 2015 (standard error = 0.030) as well as a 4.3 percentage point decline in the labor share (standard
error = 0.009) and a 1.6 percentage point decline
in the production worker share of employment
(standard error = 0.007). Value added per hour
and revenue total factor productivity (TFP)
also increase.5 Column 5 shows that, in contrast to market-level results in previous works,
5
The value added and TFP results are not driven by price
increases but by higher physical productivity. The online
Appendix shows that, for the sample of exporting firms
where we have detailed price data, robot adoption is associated with price declines.

employment (total hours of work) also increases
in firms adopting robots—by 10.9 percent (standard error = 0.020). Hourly wages rise modestly as well (column 6).
The weighted results in panel B are similar, except that there are no longer positive
effects on TFP and hourly wages.6 The online
Appendix documents that these results are
robust to controlling for additional covariates
in 2010, including sale distribution percentiles,
capital intensity, and the share of production
workers in employment.
III. Market-Level Spillovers

As noted above, firms adopting robots, by
reducing their costs, may gain market share at
the expense of their competitors. If so, employment gains in these firms may go hand in hand
with employment losses in other firms, and the
market-level effects of automation may be very

6
Even the positive estimate on hourly wages in panel
A, which implies a pass-through elasticity from output per
worker to wages of about 0.1 percent, is much smaller than
estimates in the literature resulting from other sources of
productivity increases, such as obtaining a patent (Kline
et al. (2019) and references therein), which generate a
pass-through elasticity of about 0.35. This is as expected
since automation substitutes capital for labor.
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Table 2—Estimates of Effects of Robot Adoption on Competitors
Δ log
employment
(in hours)
(1)

Δ log
value
added
(2)

Δ labor
share
(3)

Unweighted estimates
Robot adoption by competitors
Robot adopter
R  2

−0.105
(0.047)
0.106
(0.020)
0.093

−0.100
(0.051)
0.201
(0.030)
0.083

0.002
(0.015)
−0.043
(0.009)
0.161

Δ log
employment
(in hours)
(4)

Δ log
value
added
(5)

Δ labor
share
(6)

Employment-weighted estimates
−0.250
(0.107)
0.035
(0.022)
0.190

−0.209
(0.159)
0.078
(0.029)
0.217

−0.008
(0.040)
−0.027
(0.012)
0.274

Notes: The sample consists of 55,388 firms, of which 598 are robot adopters. Columns 1–3 present unweighted estimates.
Columns 4–6 present estimates weighting each firm by its employment (in hours) in 2010. All specifications control for baseline firm characteristics (log employment and log value added per worker in 2010, as well as dummies for whether the firm is
affiliated with a larger corporate group), four-digit industry fixed effects for the main industry in which each firm operates, and
fixed effects for the commuting zone that houses each firm’s largest establishment. The online Appendix describes the construction of all variables used as outcomes. Standard errors robust to heteroskedasticity and correlation within f our-digit industries are in parentheses.

different from its fi
 rm-level impact. To investigate this issue, we estimate a variant of equation
(1) including a measure of a firm’s competitors’
robot adoption. This measure is defined as
  
Adoption by competitorsf 
	  = ∑  m
  fi  ⋅   ∑
  s
  if     ′   ⋅ Robotf     ′ ,
i

f  ′ ≠f

where the first sum is over all four-digit industries, and mfiis the share of firm f   ’s sales that
are in industry i, while the second is over all
firms other than f, and sif  ′ is the share of industry i’s total sales accounted for by firm f  ′ . Thus,
the measure of adoption by competitors gives
the sales overlap across four-digit industries
between a given firm and all robot adopters in the
economy. The shares m
 fi and si f     ′  are constructed
by using sales data by firm and f our-digit industry from the fiscal files, which cover 85 percent
of sales in our sample. We assume that small
firms that are not in the fiscal files sell only in
their main four-digit industry. Because equation
(1) includes four-digit industry fixed effects, the
spillovers are identified from the comparison of
firms that are in the same main industry but sell
different proportions of their products across
industries with varying degrees of competition
by robot adopters.
Table 2 presents estimates for employment,
value added, and the labor share. We report both

unweighted and 
employment-weighted estimates, but because our main interest is aggregate effects, we now focus on weighted models.
Consistent with the notion that automation leads
to expansion at the expense of competitors and
that the labor share of value added in a firm
depends on its own automation decisions, the
estimates in columns 4–6 show that a 10 percentage point increase in robot adoption by competitors is associated with a 2.5 percent decline
in employment (standard error = 0.0107) and
a 2.1 percent decline in value added (standard
error = 0.0159) and, consistent with our theory in the online Appendix, competitors’ robot
adoption has no impact on a firm’s labor share.
These results establish that, because of negative spillovers on competitors, 
firm-level
effects do not translate into similar market-level
impacts. What is the overall impact of robot
adoption on industry employment? Aggregating
own and competitors’ effects, we find that robot
adoption is associated with an overall decline
in industry employment: a 20 percentage point
increase in robot adoption (which is the average
robot adoption in our sample) is associated with
a 3.2 percent decline in industry employment.7
7
The online Appendix shows that this effect on
e mployment is βo ∑f   (ℓf/ℓ)× Robotf+ βc ∑
 f   (ℓf/ℓ)× Robotf
× ∑i    mfi ⋅(1 − sif). Here, βo is the o wn-firm estimate of robot
adoption and βcthe coefficient on competitors, and ℓf/ ℓis the
baseline employment share in firm f. In our data, o wn-firm
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IV. Superstar Effects and the Labor Share

Our estimates in Table 1 suggest that the labor
share of a firm that adopts robots declines by 4
to 6.3 percentage points. To explore the contribution of these changes to the aggregate labor
share, we follow Autor et al. (forthcoming) and
decompose the observed change in an industry’s
labor share into the change in the unweighted
average within firms and the change in the
covariance between the share of value added
of a firm and the firm’s labor share.8 Autor et
al. documents that the decline in the labor share
is driven by a reduction in the covariance term
and suggests that these changes may be due to
a superstar phenomenon—firms with low labor
shares (or high markups) at the baseline expand
due to competitive pressures or w
 inner-takes-all
dynamics. Our data enable us to investigate
whether similar trends are present in French
manufacturing and whether industrial automation is responsible for some of these patterns.
Figure 2 presents the decomposition from
Autor et al. (forthcoming) for French manufacturing between 2010 and 2015. As in the
authors’ US results, there is a decline in overall
labor share of 0.93 percentage points, which is
entirely driven by a declining covariance term. In
fact, the average within-firm change in the labor
share is positive. To gauge the contribution of
automation to these changes, we further decompose these effects between robot adopters and
nonadopters. Interestingly, while—analogous
to the US results—the labor share increases for
firms not adopting robots, it declines for robot
adopters. More importantly, about 80 percent of
the decline in the covariance term is accounted

gains account for an increase in employment of 0.7 percent,
whereas the second term accounts for a decline in employment of 3.9 percent. Note, however, that these computations
do not incorporate any general equilibrium effects (whereby
greater productivity in one industry increases employment in
other industries). The online Appendix also documents that
the cross-industry association between robot adoption and
employment is negative.
8 Changes in an industry labor share, λℓ, can be decomi
posed as 
Δλℓi = ∑f    Δλℓf + Δ∑f   ( λℓf − λ¯ ℓi)⋅ (svif− s¯ vi) ,
where λℓfis the labor share in firm f, svifis the share of value
added in industry i accounted for by firm f, and λ¯ ℓi and s¯ viare
their unweighted averages. The first term is the unweighted
within-component and the second is the change in the covariance. The decomposition ignores entry and exit since we
use a balanced panel of firms.

∆ labor share (−0.93 pp)

Within-firm (+2.37 pp)

∆ covariance (−3.29 pp)

Within-firm,
nonadopters (+2.73 pp)
Residual cov.
Adopters
(−0.48 pp)
size difs.
(−2.68 pp)
Adopters expnsion (−0.14 pp)

Within-firm, adopters
(−0.36 pp)

Adopters labor share difs. (0.00 pp)

−3 pp

−2 pp

−1 pp

0 pp

1 pp
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Figure 2. Changes in the Labor Share of French
Manufacturing Industries for 2010–2015 Decomposed
as in Autor et al. (2019); the Decomposition Is
Extended to Account for Differences between Robot
Adopters and Nonadopters
Note: PP is percentage points.

for by the fact that robot adopters are larger from
the outset (−2.81 percentage points) and expand
(−0.14 percentage points) at the same time as
they reduce their relative labor shares. Notably,
this is not due to adopters having lower baseline
labor shares.9 The residual decline in the covariance term, which includes the superstar effect,
accounts for 20 percent of the decline in the
covariance term. Our results therefore provide a
different interpretation of the forces behind the
decline in the labor share in manufacturing. As
in Autor et al., this decline is not driven by the
unweighted within-component but by a decline
in the covariance term. However, in French manufacturing, this lower covariance is closely connected to automation: firms adopting robots are
large, expand further, and experience significant
relative declines in labor share but did not have
lower labor shares (or higher markups) at the
baseline.
V. Conclusion

How firms change their production structure,
employment, labor share, and productivity as
they adopt automation technologies can help
us understand the wide-ranging effects of automation. Nevertheless, firm-level effects do not
9
Though this is conditional on size, robot adopters in an
industry have a slightly greater labor share (of about 2 percentage points); unconditionally, they have essentially the
same labor share as n onadopters.
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correspond to the overall impact of a utomation
because firms that adopt such technologies
reduce their costs and expand at the expense
of competitors. In this paper, we estimate that
French manufacturing firms that adopt robots
reduce their labor share and share of production
workers and increase their productivity, but also
expand their operations and employment. Yet
this is more than offset by significant declines
in their competitors’ employment. Overall,
even though firms adopting robots expand their
employment, the market-level implications of
robot adoption are negative. We also show that
robot adoption contributes to the decline in the
manufacturing labor share by reducing the covariance between firm-level value added and labor
share, and that this is because adopters are large
and expand further as they experience sizable
relative declines in their labor shares.
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