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Do higher wages induce more automation innovation? We identify auto-
mation patents in machinery. We show that a higher automation intensity
predicts a decline in routine tasks across US sectors. Then, we estimate
how innovating firms respond to changes in their downstream firms’
low- and high-skill wages. We compute these wages by combining macro-
economic data on 41 countries with innovating firms’ global market ex-
posure. Higher low-skill wages increase automation innovation (but not
other machinery innovation), with an elasticity of 2–5. Finally, we show
that the German Hartz labor market reforms reduced automation inno-
vations by foreign firms more exposed to Germany.
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I. Introduction
Do higher wages lead to more labor-saving innovation? And if so, by how
much? Economic theory posits that firms innovate more in automation
technology when labor costs rise. This mechanism is key for the long-term
consequences of policies such as the minimum wage and is at the heart of a
growing theoretical literature on the role of automation in economic growth
(e.g., Acemoglu and Restrepo 2018; Hémous and Olsen 2022). However,
empirical evidence for induced automation innovation is lacking. Current
research faces two challenges: identifying automation innovations and find-
ing exogenous variation in labor costs.
Accordingly, our paper makes two contributions. First, we develop a

new classification of automation innovations using patent data. Second,
we isolate exogenous variation in labor costs from the perspective of the
innovating firms and provide the first evidence on induced automation
innovation at the firm level. We find that a 1% increase in low-skill wages
induces between 2% and 5% more automation innovations. Two policy
shocks—changes in the minimum wage and Germany’s Hartz reforms—
display comparable effects.
Our classification aims to identify automation innovations that allow

for the replacement of workers with equipment in some tasks. We focus
on patents in machinery (e.g., machine tools, handling machines, textile
and paper machines.), which account for around 18% of all patents. To
classify patents, we follow a two-step procedure. First, we use the text of
European patents to identify technology categories in machinery (de-
fined using International Patent Classification [IPC] and Cooperative Pat-
ent Classification [CPC] codes) associated with automation. Second, we
use these technology categories to classify the universe of machinery pat-
ents. This procedure leverages that the combined wording of many pat-
ents improves the signal of automation characteristics and allows us to
classify patents for which we do not have the text. The resulting classifica-
tion is transparent, uses highly disaggregated technology categories, and
covers a wide range of automation technologies. As a validation exercise,
wemap our patents to sectors of use and reproduce the cross-sectoral anal-
ysis of Autor, Levy, andMurnane (2003). We find that in the United States,
thank Daron Acemoglu, Kirill Borusyak, Lorenzo Casaburi, Patrick Gaule, Michael McMahon,
Pascual Restrepo, Joachim Voth, and Fabrizio Zilibotti, among others, for helpful comments
and suggestions. We also thank many seminar and conference participants. We thank Amedeo
Andriollo, Jan Fasnacht, Selina Schön, Patrick Sproll, and Shi Suo for fantastic research assis-
tance.We thank the editor Rachel Griffith and three anonymous referees for valuable comments
and suggestions. Hémous, Olsen, and Zanella are in alphabetical order. We acknowledge the
contributions of Dechezleprêtre in the initial stages of this project, which were instrumental
in shaping the research direction and framework. The first draft of this paper was written in
March 2019.
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sectors that use more automation-intensive equipment experience a rela-
tive decline in routine tasks and the labor share and a relative increase in
the skill ratio.
We then proceed to our main empirical analysis, which studies how au-

tomation innovations respond to changes in wages. We exploit plausibly
exogenous variation in labor costs from the perspective of the innovating
firms using a shift-share design. Automation innovators are often equip-
ment manufacturers that sell their machines to downstream firms in dif-
ferent countries. Thus, the incentives of automation producers to innovate
depend on the labor costs paid by their downstream firms. To proxy for
these labor costs, we compute weighted averages of low- and high-skill labor
costs using data on innovating firms’ international exposure and country-
level labor costs.
We implement this empirical strategy as follows. We rely on the World

Patent Statistical Database (PATSTAT), which contains close to the uni-
verse of patents. We link patents to firms and apply our classification of
automation and nonautomation patents in machinery. To proxy for firms’
international exposure, we use the geographic distribution of their machin-
ery patents before the sample period. We combine these exposure weights
with macroeconomic data from 41 countries. Given our focus on inter-
national innovation, we restrict attention to patents applied for in at least
two countries. Our sample covers the period 1997–2011 and includes
3,236 firms, accounting for 53.5% of global automation innovations in
machinery. We run Poisson regressions with a 2-year lag between patent
applications and labor costs, and we include firm, industry � year, and
country � year fixed effects.
We find a substantial effect of wages on automation innovations. In-

creases in low-skill labor costs (referred to as wages for simplicity) lead
to more automation innovations, with an elasticity between 2 and 5. In
line with the capital-skill complementarity hypothesis (Krusell et al. 2000),
increases in high-skill wages reduce automation innovations by a similar
amount. We draw on the recent shift-share literature and interpret our re-
sults through the lens of Borusyak, Hull, and Jaravel (2022). In our con-
text, identification can be obtained from conditionally randomly assigned
wage shocks. We leverage firm-level variation by including country � year
fixed effects, which enables us to control for domestic shocks to wages and
innovation. Since we control for high-skill wages, our regression coefficients
must reflect the effect of foreign demand shocks for automation equip-
ment producers with unequal effects on low- and high-skill wages. We then
argue that these foreign demand shocks are most likely regulatory shocks
or labor supply shocks that allow us to identify a causal effect of wages on
automation innovations. Importantly, we find that nonautomation machin-
ery innovations by the same firms targeting the same sectors do not respond
to wage shocks.
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We supplement this analysis by focusing on two cases where labor cost
changes arise directly from policy interventions. First, we build a mea-
sure of minimum wages for a subset of countries. We find a positive ef-
fect of minimum wages on automation innovations. Second, we focus
on a specific labor market shock: the Hartz reforms in Germany. These
were a series of labor market reforms implemented in 2003–5. They are
credited with increasing labor supply and reducing labor costs notably
for low-skill workers (Krause and Uhlig 2012). Therefore, we predict
that these reforms reduced automation innovation. In a difference-in-
difference exercise, we find that foreign firms that are relatively more ex-
posed to Germany innovated less in automation technologies after the
Hartz reforms. Finally, in a triple-difference exercise, we find that the re-
forms also decreased automation innovations relative to nonautomation
innovations.
We are motivated by a theoretical literature on automation and endog-

enous growth and contribute to three literatures: on induced automation,
on induced innovation more generally, and on the measurement of auto-
mation. The theoretical argument that higher wages should lead to more
labor-saving technology adoption (e.g., Zeira 1998) and innovation is well
understood. In Acemoglu and Restrepo (2018) and Hémous and Olsen
(2022), wages affect the direction of innovation in the form of automa-
tion or the creation of new tasks. The quantitative behavior of these directed
technical change models crucially depends on the elasticity of innovation
with respect to labor costs (Acemoglu 2023). We estimate such an elastic-
ity and provide empirical support for this literature.1

Despite this theoretical literature, existing empirical evidence on the
effect of wages on induced automation, adoption, or innovation remains
limited.2 A few papers show that labor market conditions affect adoption
of labor-saving technologies in agriculture (Hornbeck and Naidu 2014;
Clemens, Lewis, and Postel 2018; Voth, Caprettini, and Trew 2023), health
care (Acemoglu and Finkelstein 2008), and manufacturing (Lewis 2011;
Acemoglu andRestrepo 2022). Lordan andNeumark (2018)find thatmin-
imumwage increases displace workers in automatable jobs, and Fan,Hu,
and Tang (2021) find that they induce Chinese firms to adopt industrial
robots. None of these papers use firm-level variation in the manufactur-
ing sector, as we do. More importantly, we focus on innovation rather than
1 Acemoglu (2023) uses estimates from our analysis to calibrate a directed technical
change model.

2 In contrast, there is an extensive empirical literature on the effects of technology on
wages and employment: see, e.g., Autor, Levy, and Murnane (2003), Autor and Dorn (2013),
or Gaggl and Wright (2017) for information technology; Doms, Dunne, and Troske (1997)
for factory automation; Boustan, Choi and Clingingsmith (2022) for computer numerical
control [CNC]; Graetz and Michaels (2018) or Acemoglu and Restrepo (2020) for robots;
and Bessen et al. (2023), Mann and Püttmann (2023), and Aghion et al. (2024) for broader
measures of automation.
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adoption. This is an important distinction: adoption generally refers to
firms deciding whether to use an existing technology, while innovation
is a continuous process of creating new technologies. While a shock to
adoption must die out over time (when all firms have adopted a technol-
ogy), a shock to innovation can build on itself. As a result, (1) adoption and
innovationmatter at different time horizons, (2) knowledge spillovers play
a different role for innovation than adoption, and (3) the growth literature
mentioned above focuses on innovation.
The literature on induced automation innovation is sparser. Acemoglu

and Restrepo (2022) find a positive effect of aging on patenting in robot-
ics and numerical control in cross-country regressions, though they focus
mainly on adoption. Our paper differs in at least four ways: we build a
broader measure of automation innovation in machinery; we are inter-
ested in the effect of all wage variations, not only variations arising from
demographic trends; we consider policy-induced changes; and, most im-
portantly, we use firm-level panel regressions instead of a country-level
cross-sectional analysis. In contemporaneous work, Danzer, Feuerbaum,
and Gaessler (2024) exploit an immigrant settlement policy in Germany
to show that increases in labor supply discourage automation innovation
at the level of local labor markets, and San (2023) shows that a negative
shock to agricultural immigration from Mexico induced relatively more
innovation related to labor-intensive crops.3 Neither of these papers ex-
ploits firm-level variation, nor do they estimate the effect of labor cost
changes on automation innovations.
In a broader context, an extensive literature shows that the direction

of innovation is endogenous (e.g., Acemoglu and Linn [2004] for phar-
maceuticals and Popp [2002] for energy-saving technologies). We build
on Aghion et al. (2016), who show that an increase in gas prices leads
firms in the auto industry to engage more in clean and less in dirty inno-
vations. We use a similar shift-share design and also measure firms’ inter-
national exposure with patent weights.4

Finally, a recent literature has emerged that classifies patents as auto-
mation or not (see, in particular, Webb 2020; Kogan et al. 2022; Mann
3 Relatedly, Andersson, Karadja, and Prawitz (2022) look at the effect of emigration to
the United States in the nineteenth century in Sweden and find that more exposed munic-
ipalities experienced an increase in innovation (though they do not identify automation
innovations). Bena and Simintzi (2019) show that firms with better access to the Chinese
labor market decrease their share of process innovations after the 1999 US-China trade
agreement. Process innovations and automation innovations are not the same: some pro-
cess innovations reduce costs other than labor (say, material cost), and many automation
innovations are product innovations (a new industrial robot is a product innovation for its
maker).

4 Other papers have used their methodology, including Noailly and Smeets (2015) on
innovation in electricity generation, Coelli, Moxnes, and Ulltveit-Moe (2022) on the effect
of trade policy on innovation, and Aghion et al. (2023) on the role of environmental pref-
erences and competition in innovation in the auto industry.
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and Püttmann 2023). We compare our approaches in detail. A key differ-
ence is that we classify readily available technology codes rather than pat-
ents directly so that our classification can be easily applied to other pat-
ent data by other researchers without using patent text. This comes at
the cost of potentially misclassifying individual patents. Autor et al. (2024)
go further andmap automation and augmenting patents to specific occu-
pations, highlighting that the same innovations can substitute for some
occupations while augmenting others. Our approach does not allow for
the same level of granularity, but our results are consistent with theirs in-
sofar as automation patents in machinery appear to substitute for low-skill
workers while complementing high-skill workers.
Section II develops our classification of automation technologies. Sec-

tion III describes the data and our empirical strategy. Section IV presents
the results of the main analysis on the effect of wages on automation in-
novations. Section V discusses policy shocks. Section VI concludes. The ap-
pendix (available online) provides an analytical model, additional robust-
ness checks, and details on our methodology.
II. Classifying Automation Patents
In this section, we develop our classification of automation patents and
use it to build a measure of automation at the industry level. We find that
it predicts a decline in routine tasks, in the relative demand for low-skill
workers, and in the labor share.
A. Our Approach to Classifying Patents
Our goal is to identify automation innovations inmachinery: that is, inno-
vations embedded in equipment goods, such as machine tools or robots,
which allow for the replacement of workers in some tasks. Nonautomation
innovations, in contrast, may improve energy efficiency, reduce the cost
of producing certain machines, or increase reliability.
We follow a well-established tradition in the empirical literature and

use patent data as a measure of innovative activity.5 We use two databases:
the European Patent Office (EPO) full-text database from 2018, which
contains the full text of patent applications at the EPO; and PATSTAT
from autumn 2018, which contains the bibliographic information (but
not the text) of close to the universe of patents. In these datasets, the
technological characteristics of patents are recorded in technology codes
(notably CPC and IPC codes, hereafter C/IPC codes; see n. 8). Certain
5 For our analysis, patent data present several advantages: they specify the countries
where inventions are protected, contain highly disaggregated technology codes, and can
be matched to firms.
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types of technologies, such as fossil fuel engines, can be readily identified
with existing groupings of C/IPC codes. No such grouping exists for auto-
mation in machinery, and we use text analysis to create one.
We employ a dictionary method on patent data and proceed in five steps:

(1) we define machinery technology categories based on C/IPC codes;
(2) we use the existing literature to identify automation-related key-
words; (3) for each machinery technology category, we compute the share
of patents at the EPO containing one of our automation keywords; (4) we
use this measure to classify machinery technology categories as automation
or not based on a cutoff; and (5) we classify worldwide patents as automa-
tion if they belong to an automation technology category.
This strategy of first classifying technology categories and then patents

has two advantages over classifying patents directly. First, it allows for the
inclusion of patents without text from PATSTAT so that we—and other
researchers—can use our classification on patents without text or future
patents.6 Second, the C/IPC codes themselves are informative about the
characteristics of an innovation, including whether it relates to automa-
tion. Patents are written in different styles, and applicants can often de-
scribe the same innovation with or without using our keywords. Conversely,
if a patent uses one of our keywords but does not belong to any C/IPC
code where this is common, the inclusion of that keyword is often unin-
formative about the nature of the innovation. That is, the wording of a
given patent is a weak signal of whether that patent corresponds to auto-
mation, but the combined wording of many patents gives a strong signal
of whether a technology code corresponds to automation.7
B. Identifying Machinery Technology Categories
Technological characteristics of patents are recorded in (generally several)
C/IPC codes. The C/IPC codes form a hierarchical classification system.8
6 To give an idea of the increase in the sample size, over the period 1997–2011, there are
549,000 patent families in machinery (defined below), with patent applications in at least
two offices (a condition we will impose in our main analysis). Among these, only around
82,000 have an EPO patent with a description in English.

7 Our strategy follows the World Intellectual Property Organization, which offers a sim-
ple tool on its website based on a similar principle: a search engine allows one to identify
up to five IPC codes most likely to correspond to a set of keywords in the text of the patents.

8 The IPC is an international classification, and the CPC is used by the US Patent and
Trademark Office (USPTO) and the EPO. The CPC is an extension of the IPC and con-
tains around 250,000 codes in its most disaggregated form. The structure of the C/IPC
classification is as follows: C/IPC classes have three-digit codes (e.g., B25: “hand tools; por-
table power-driven tools; handles for hand implements; workshop equipment and manip-
ulators”), subclasses have four-digit codes (e.g., B25J: “manipulators; chambers provided
with manipulation devices”), and main groups have five- to seven-digit codes (e.g., B25J13:
“controls formanipulators”). In the following, we refer to classes, subclasses, andmain groups
as three-digit, four-digit, and six-digit codes, respectively.
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We start by defining the aggregation level at which we classify patents,
which we refer to as technology categories. First, we define technology cat-
egories as the highly disaggregated six-digit C/IPC codes (e.g., B25J13).
The co-occurrence of technology codes can also be informative about the
characteristics of a patent. To capture this, we include pairs of four-digit
C/IPCcodes in the definition of technology categories: for instance, a pat-
ent containing both codes B25J (manipulators) and B23K (a type of ma-
chine tools) belongs to the technology category {B25J, B23K}. Finally, we
include in the definition of technology categories the co-occurrence of
four-digit C/IPC codes with the three-digit codes G05 or G06 (e.g., B25J
with G05 or G06). The code G05 corresponds to “controlling; regulating”
and G06 to “computing; calculating; counting.” Aschhoff et al. (2010) use
these combinations to identify advanced manufacturing technologies.9

The six-digit codes alone identify 83% of our automation patents (see
app. sec. A.2.3).
Since we are interested in automation in equipment, we restrict atten-

tion to C/IPC codes that belong to a group of technology fields, which
we call machinery. Out of 34 technology fields (see fig. A1), we focus on
machine tools, handling, textile and paper machines, and other special
machines with some adjustments.10 We classify pairs of four-digit C/IPC
codes or pairings of four-digit C/IPC codes with G05 or G06 as machin-
ery if at least one four-digit code belongs to that field. This leaves us with
983 six-digit codes, 1,100 pairs of four-digit codes, and 25 groupings of
four-digit codes with G05/G06, which form the set of machinery tech-
nology categories. We then define a machinery patent as a patent that be-
longs to one of the machinery technology categories.
C. Choosing Automation Keywords
Next, we choose keywords to identify automation technology categories
within the set of machinery technology categories. To tie our hands, we
choose most of our keywords from the automation technologies identified
in Doms, Dunne, and Troske (1997) and Acemoglu and Restrepo (2022)
and supplement them with additional words as described below.11 Most
9 To ensure that the set of patents available inΩEPO is sufficiently representative of a tech-
nology category, we restrict attention to categories containing at least 100 patents. We
group six-digit codes with the same four-digit code and less than 100 patents into common
artificial six-digit codes.

10 We make a few minor adjustments, such as excluding weapons and ammunition and
adding technology codes referring to program control system. See app. sec. A.2 for details.

11 Doms, Dunne, and Troske (1997) measure automation using the Survey of Manufac-
turing Technology (SMT) from 1988 and 1993, conducted by the US census. The survey
asked firms about their use of specific automation and information technologies. Acemoglu
and Restrepo (2022) include imports of automation technology and associate specific Har-
monized System categories from Comtrade with automation technology.
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of our keywords correspond to the co-occurrence of several words in the
same sentence or patent or the repetition of these words a sufficient num-
ber of times. Table 1 lists our keywords.
We have eight categories of keywords. Five of them are automation

technologies in Doms, Dunne, and Troske (1997) or Acemoglu and
Restrepo (2022) (“robot*,” “numerical control,” “computer-aided design
andmanufacturing,” “flexible manufacturing,” and “programmable logic
control”). Directly using some of these keywords results in false positives.
TABLE 1
Choice of Automation Keywords

Keywords Comments Source

“Automat*” “Automation,” “automatization,” or “automat*”
at least five times; also “automat*”
or “autonomous” in same sentence
with secondary words (see below), “ware-
house,” “operator,” “arm,” “convey*,” “han-
dling,” “inspect*,” “knitting,” “manipulat*,”
“regulat*,” “sensor,” “storage,” “store,”
“vehicle system,” “weaving,” or “welding”
at least twice

Own; Doms, Dunne,
and Troske 1997;
or Acemoglu and
Restrepo 2022

“Robot*” Not surgical or medical Doms, Dunne, and
Troske 1997;
Acemoglu and
Restrepo 2022

“Numerical
control”

“CNC,” “numeric* control*,” or “NC” in same
sentence as secondary words (see below)

Doms, Dunne, and
Troske 1997;
Acemoglu and
Restrepo 2022

“Computer-aided
design and
manufacturing”

“Computer-aided”/“-assisted”/“-supported”
in same patent as secondary words (see
below); also “CAD” or “CAM” and not
“content addressable memory” in same
sentence as secondary words (see below)

Doms, Dunne, and
Troske 1997

“Flexible
manufacturing”

Doms, Dunne, and
Troske 1997

“Programmable
logic control”

“Programmable logic control” or (“PLC”
and not (“powerline” or “power line”))

Doms, Dunne, and
Troske 1997

“3D printer” “3D print*,” “additive manufacturing,” or
“additive layer manufacturing”

Own

“Labor” Including “laborious” Own

Secondary Words

“Machine,” “manufacturing,” “equipment,”
“apparatus,” or “machining”
Note.—The table describe the keywords that we use to identify automation technolo-
gies. Keywords include (1) natural adjacent words (i.e., “numerical control” includes
“NC,” “numerically controlled,” and “numeric control”), (2) British/American spelling
(i.e., “labour”/“labor”), and (3) hyphenated adjectives (i.e., “computer aided”/“computer-
aided design”). “In same sentence as secondary words” refers to at least one secondary
word. We added words in italics; the others come from Doms, Dunne, and Troske (1997)
or Acemoglu and Restrepo (2022). See appendix for details.
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Therefore, we require that our keywords occur in the same patent or in
the same sentence as secondary words, such as “machinery” or “equip-
ment,” indicating that the text describes a machine. We also add “automa-
tion” and “automatization.” The stem “automat*” gathers too many false
positives, such as “automatic transmission.” We resolve this in two ways:
we count patents only if the frequency of “automat*” is at least five
or “automat*” is combined with a list of words in the same sentence at
least twice. This list of words contains our secondary words and addi-
tional words that come from Doms, Dunne, and Troske (1997) or Ace-
moglu and Restrepo (2022) and often refer to tasks (such as “manip-
ulat*,” “regulat*,” or “inspect*”). Finally, we add “3D printing,” which
was in its infancy when Doms, Dunne, and Troske (1997) was written,
and “labor,” which generally indicates that an innovation reduces labor
costs.12 The most important keywords are those associated with “auto-
mat*” (app. sec. A.2), and our main results are robust to using only these
(app. sec. A.6.2).
D. Identifying Automation Technology Categories
We base our classification on the set of EPO patent applications in ma-
chinery from 1978 to 2018 with a description in English (267,997 patent
applications), denoted ΩEPO. We denote MTp the set of machinery tech-
nology categories associated with a patent p and Tp its text.13 We define
the function k any(Tp), which takes a value of 1 if any of the automation
keywords is present in the text and 0 otherwise. For each machinery tech-
nology category t, we define the prevalence of automation keywords s(t) as
the share of patents containing at least one of our keywords:

s tð Þ 5 op∈ΩEPO
1t∈MTp

kany(Tp)

op∈ΩEPO
1t∈MTp

:

We similarly define the prevalence of each keyword category. We show
that these measures are positively correlated for the main keywords, give
examples of the prevalence measures in some C/IPC codes, and present
additional statistics in appendix section A.2. We manually checked the
C/IPC codes extensively and sampled patents from each category to en-
sure that the process delivered reasonable results.
We define automation technology categories as those with a preva-

lence measure above a threshold. Figure 1 shows the histogram of the
12 “Labor” differs from the other keywords in that it does not refer to a technology. We
checked that our results are robust to removing that keyword from the whole procedure.

13 We use all C/IPC codes of the patent family associated with the EPO patent applica-
tion p. See sec. II.E for the definition of the patent family.
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prevalence of automation keywords for C/IPC six-digit codes in machin-
ery. The distribution is skewed: most C/IPC codes have a low prevalence
of automation keywords, but a few codes have a very high value.We choose
thresholds at the 90th and 95th percentiles of the distribution of the six-
digit code distribution (within machinery), which are given by 0.39 and
0.48, respectively.14 Therefore, a technology category t belongs to the set
of auto90 categories T 90 if s(t) > 0:39 and to the set of auto95 category
T 95 if s(t) > 0:48. In appendix section A.2.4, we show that the technology
categories with a high prevalence of automation keywords remain the
same throughout the period considered. In particular, the correlation be-
tween the prevalence measures computed for the first half of the sample
and the second half is 0.85.
E. Defining Automation Patents
Wenowproceed to classify automationpatents. To do so, we use PATSTAT,
which contains bibliographic information for almost the universe of pat-
ents. PATSTATalso allows us to identify patent families, a set of patent ap-
plications in different national or international patent offices represent-
ing the same innovation. For each patent family, we know the date of the
FIG. 1.—Prevalence of automation keywords for C/IPC six-digit codes in machinery.
14 Choosing different thresholds is easy, and we investigate how robust our results are in
sec. IV.E.
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first application (used as the year of an innovation), the corresponding
patent offices, the identity of the applicants and the inventors, the num-
ber of citations received, and, importantly, the C/IPC codes associated
with the innovation.
We then define a patent family p in the PATSTAT dataset ΩPATSTAT as an

automation innovation if it belongs to at least one automation technol-
ogy category. From now on, we refer to a patent family as a patent. That
is, p is an auto95 patent if ∃ tp ∈ MTp such that tp ∈ T 95 and similarly for
an auto90 patent. Appendix section A.2 provides additional statistics and
gives examples of automation patents.
F. Comparison with Other Measures in the Literature
A recent literature has emerged that uses patent data to identify automa-
tion technologies.Our approach—classifying technology categories rather
than patents directly and using a dictionary method on the text of pat-
ents—is unique, and we compare it here with three alternatives: Mann
and Püttmann (2023), Kogan et al. (2022), and Autor et al. (2024).15

Mann and Püttmann (2023) manually classify a set of patents as auto-
mation or not and then use machine-learning techniques to classify all
patents. Relying on keywords instead of a training set presents several ad-
vantages. First, manually labeling patents is a difficult task that cannot be
easily systematized and delegated. Second, patents are technical descrip-
tions of an innovation and do not always discuss its goal. Only a few words
within the text are informative, so the training set needs to be large. Third,
our approach is more transparent and more easily replicable and modifi-
able, and it leaves fewer degrees of freedom, as we choose most of our
keywords from the literature.
We compare our classifications in detail in appendix section A.2.6. The

measures are positively correlated, though ours is generally more con-
servative. We classify 9.4% of the common set of machinery patents as
auto95, while Mann and Püttmann (2023) classify 29.8% of them as auto-
mation. Seventy percent of our auto95 patents are classified as automa-
tion patents byMann and Püttmann (to put this number in context, their
algorithmhas a 17% false negative error rate on their training set). Focus-
ing on outlier technologies, we find that Mann and Püttmann (2023)
classify a number of patents related to elevators and printing machines
as automation, which we do not. This is in line with their definition of
automation as “a device that carries out a process independently of human
15 Bessen and Hunt (2007) directly use keywords to identify software patents. Webb
(2020) similarly identifies patents in robotics, software, and artificial intelligence using
keywords before matching them to occupations using machine-learning techniques.
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intervention,” while we seek to identify innovations that replace workers in
existing tasks.
In contemporaneous work, Kogan et al. (2022) and Autor et al. (2024)

measure the distance between patent texts and the description of tasks in
theDictionary ofOccupational Titles database to identify labor-displacing
innovations. This approach has the advantages of matching innovations
and the affected occupations and of being completely hands-off.16 How-
ever, as Kogan et al. (2022) point out, it captures not only automation in-
novations where workers are replaced by machines but also innovations
where incumbent workers with newly obsolete skills are replaced by new
workers.
Compared with these alternatives, our approach has a few drawbacks:

we rely on the existenceof a set of well-identified automation technologies
(e.g., robots, CNC), which is why we apply our method only to machinery
patents. Heterogeneity within technology categories will also lead us to
misclassify individual patents that are exceptions within their categories
(i.e., nonautomation patents in a category withmany automation patents,
and vice versa). Finally, we do not provide amapping between innovations
and occupations and therefore cannot capture heterogeneous effects be-
tween workers and innovation beyond the high skill/low skill dichotomy.
At the same time, it is simpler and has the advantage of providing a mea-
sure that can be readily used by anyone on any patent data with C/IPC
codes.
G. Trends in Automation Innovations
Figure 2 plots the evolution of automation patent families. To restrict at-
tention on innovations of sufficient quality and make the data more com-
parable across countries, we focus on patent families including patent ap-
plications in at least two countries, referred to as biadic patents. Several
studies (e.g., de Rassenfosse et al. 2013; Dechezleprêtre, Ménière, and
Mohnen 2017) have shown that biadic patents are of higher quality than
others.17 Figure 2A shows that machinery patents represent a sizable but
16 In addition, using another dataset that describes the output of occupations, Autor
et al. (2024) also run a parallel mapping between patents and the occupations that they
augment.

17 We count applications and not-granted patents because certain patent offices, notably
the Japan Patent Office ( JPO), formally grants a patent only if the applicant requests an
examination, which they often do only when their rights are challenged. Further, biadic
patents allow for better comparison across countries since several small patents typically
cover the same large innovation in certain offices (like the JPO) but only one broad patent
in others (like the USPTO). To restrict attention to patent families of even higher quality,
we carry out robustness checks where we use patent citations.
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slowly decreasing share of all patents (18.6% on average over this time pe-
riod), though the absolute number of machinery patents is increasing.
Globally, among machinery patents, the share of automation patents de-
clined slightly between the mid-1980s (9.4% in 1985 for auto95) and the
mid-1990s (7.5% in 1994 for auto95) before increasing rapidly (reaching
19.1% in 2015 for auto95). Figure A2 (figs. A1–A12 are available online)
reports the raw numbers of auto90 and auto95 patents and their share out
of total patents. Figure 2B shows the trends for auto95 by applicant na-
tionality. In the 1980s, Japan had the highest share of automation patents
in machinery, while Germany took that position from the 2000s.
H. Automation, Routine Tasks, Skill Composition,
and Labor Share
We now build a measure of automation at the sector level and relate it to
changes in task and skill composition and factor shares. We do this in part
to validate our classification of automation patents. We build on Autor,
Levy, andMurnane (2003), who show that computerization was associated
with a decrease in routine tasks at the sector level usingUS data from 1960
to 1998. We report our main results here and details on the data construc-
tion and additional results in appendix section A.3.
As in Autor, Levy, and Murnane (2003), we run sector-level regressions

of the type

ΔTjk 5 b0 1 bCΔCj 1 bautautj 1 εj: (1)
FIG. 2.—Share of automation patents in machinery and share of machinery patents
for biadic families. A, Share of auto95 and auto90 patents in machinery (left axis) and
share of machinery patents in all patents (right axis) worldwide. B, Share of auto95 patents
in machinery by applicants’ nationality. Patents with multiple C/IPC codes are counted
only once.
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We focus here on the years 1980–98.ΔTjk represents the change in tasks of
type k in sector j. We take this measure directly from Autor, Levy, and
Murnane (2003), who define five types of tasks: nonroutine analytic, non-
routine interactive, routine cognitive, routine manual, and nonroutine
manual. ΔTjk is measured as 10 times the annual within-sector change
in task input, measured in percentiles of the 1960 task distribution, ΔCj

is Autor, Levy, and Murnane’s (2003) measure of the change in comput-
erization in sector j (available for the period 1984–97), and autj is our
patent-based measure of the use of automation technologies in sector j.
Since patenting is already a measure of knowledge flows, we do not
first-difference this measure. We run similar regressions with changes
in the skill ratio, the labor share, and employment as alternative outcome
variables.
To build autj, we allocate patents inmachinery to their sector of use, fo-

cusing on patents granted by the USPTO. Autor et al. (2020) match
USPTOpatents with firm-level data fromCompustat and provide detailed
sectoral information on corporate patents. Using their data, we create a
weighted concordance table from C/IPC four-digit codes to four-digit
Standard Industrial Classification industries that allows us to map patents
to sectors of invention. We then combine this information with the 1997
capital flow table from the US Bureau of Economic Analysis (BEA) to get
the sector of use. The capital flow table is akin to an input-output table,
but it reports the flows in investment goods instead of intermediate
inputs. Sectors that purchase a lot of capital from sectors innovating in
machinery generally havehighexposure toboth automation andnonauto-
mation patents (defined here as pauto90 patents, i.e., machinery patents
excluding auto90 patents). The correlation between the log counts of
auto95 patents and pauto90 patents across sectors is 0.99, but the correla-
tion between the ratio of auto95patents over capital purchases and ratio of
pauto90 patents over capital purchases drops to 0.76 (see fig. A9).
For each sector of use j, we compute autj as the share of automation pat-

ents (auto95 in our baseline) among machinery patents from 1980 to
1998. Our measure captures whether the machinery patents used in a
given sector are particularly intensive in automation technologies. We
compute this statistic for the 133 sectors with machinery patents (our re-
sults are robust to excluding sectors with fewmachinery patents). TableA1
(tables A1–A43 are available online) reports summary statistics on this
measure and our dependent variables: on average, the auto95 share is
7.5%. There is significant variation in the share of automation patents
across industries, with a coefficient of variation of 17%. Exposure to auto-
mation is on average higher in manufacturing, and we include a manu-
facturing dummy in our regressions. Interestingly, our automation mea-
sure is only weakly correlated with computerization, with a coefficient
of 0.08 (and 20.16 when we weigh industries by employment). Table 2
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lists the sectors with the highest and lowest shares of automation patents
in machinery.18

Table 3 reports the results of regression (1), and figure A10 provides
scatterplots. Columns 1 and 3 show a clear relationship: a 1 percentage
point increase in the automation share is associated with a 1.4 and
1.3 centile decrease in routine cognitive and manual tasks per decade, re-
spectively. This effect is larger than that of computerization (i.e., standard-
ized beta coefficients are larger). At first sight, it may seem surprising that
our measure of automation in machinery predicts a decline in routine
cognitive tasks. However, Autor, Levy, and Murnane (2003) define routine
cognitive tasks as the “adaptability to situations requiring the precise attain-
ment of set limits, tolerances or standards.”These correspond to inspection
and control tasks that our automation machines may eliminate (fig. A8
gives an example of such a machine). Metalworkers, for instance, are
among the occupations with the highest intensity of routine cognitive tasks.
In column 5, we instead use the change in the skill ratio (college grad-

uates over all other workers) as the dependent variable. A 1 percentage
point increase in the share of automation patents is associated with an
increase in the skill ratio equal to one-third of its average increase over
the 1980–98 period. In column 7, we use the change in the labor share
for manufacturing industries (using the National Bureau of Economic
TABLE 2
Sectors with Highest and Lowest Shares of Automation Patents

Industry Code Description auto95

A. Sectors with Highest Share of Automated Patents

756 Automotive services and repair shops .110
206 Household appliances (e.g., radio, television, equipment) .106
470 Water supply and irrigation .098
271 Iron and steal foundries .096
130 Tobacco manufactures .093
212 Miscellaneous plastic products .093

B. Sectors with Lowest Share of Automated Patents

801 Bowling alleys, billiard and pool parlors .042
100 Meat products .046
101 Dairy products .046
102 Canned and preserved fruits and vegetables .046
110 Grain mill products .046
111 Bakery products .046
18 Some smal
the same C/IPC
ters of using ind
l sectors have the same share of automation patents because they
four-digit codes. We cluster standard errors at the level of these 1
ustries.
Note.—The table lists the sectors with the highest and lowest shares of auto95 patents out
of all patents in machinery in 1980–98. The industry codes and descriptions of the sectors
correspond to the ind6090 industries described in Autor, Levy, and Murnane (2003).
map to
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Research [NBER] and Center for Economic Studies [CES] Manufactur-
ing IndustryDatabase). Industries with a high share of automationpatents
experience a decline in the labor share, consistent with the theoretical lit-
erature on automation. A 1 percentage point increase in the automation
share is associated with a 1.3 percentage point decline in the labor share.
Interestingly, computerization does not have the same effect. We extend
this analysis to nonmanufacturing industries using more aggregate data
on the labor share for 60 industries from the BEA. We still find a negative
effect of automation (col. 9).
In columns 2, 4, 6, 8, and 10, we add a control for the share of automa-

tion patents invented by the sector. To allocate patents to the inventing
sector, we omit the capital flow table step in the calculation of our auto-
mation variable. The coefficients on the automation share in the using
sector remain stable. Moreover, the automation share in the using sector
has a larger effect than the automation share in the inventing sector.19

Appendix section A.3 contains additional robustness checks: we use
biadic patents, auto90 patents, or an alternative concordance table be-
tween C/IPC codes and sectors from Lybbert and Zolas (2014). In all
cases, we find a negative effect of the automation share on routine tasks,
the skill ratio, and the labor share.We also look at the effect of automation
on employment changes. We find a negative effect within manufacturing
but no statistically significant effect for the economy as a whole.
To summarize, we have now classifiedmachinery patents as automation

or nonautomation. Mapping C/IPC codes to sectors, we build a measure
of automation at the sectoral level, which is more detailed than alterna-
tives such as robotization.Doing that, we find that sectors that use automa-
tion technologies more intensely experience a decrease in routine tasks,
an increase in the skill ratio, and a decline in the labor share.
III. Empirical Strategy and Data
We now move to our main empirical exercise and analyze the effect of la-
bor cost shocks on automation innovations. Section III.A presents our em-
pirical strategy, sections III.B and III.C explain how we build our dataset,
section III.D describes our estimation equation, and section III.E shows
summary statistics.
A. Empirical Strategy
We motivate our empirical strategy with the business structure of the
most prominent automation innovators. These are large firms that sell
19 The standardized coefficients are larger for the using sector than the inventing sector
(except in col. 8), as the standard deviation for the share of automation patents in the us-
ing and inventing sectors is 1.3% and 6%, respectively.
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their automation equipment internationally to downstream firms. Auto-
mation equipment enables the replacement of low-skill workers with ma-
chines. It can also complement high-skill workers who program, operate,
and maintain the machines. Therefore, the incentives for downstream
producers to adopt automation technology are determined by labor costs
in their local market. Higher low-skill labor costs for potential customers
are associated with a larger market for automation machine producers,
which in turn would induce innovators to conduct more research on au-
tomation technologies.20 Appendix section A.4 presents a simple model
that rationalizes this argument.21

Empirically, we aim to estimate by howmuch an increase in low-skill la-
bor costs leads to an increase in automation innovations as well as an in-
crease in high-skill labor costs to a decrease in automation innovations.
We focus on labor costs because they are the key factors that should affect
automation innovations differently from nonautomation innovations. In
contrast, the total wage bill of low-skill workers would include their em-
ployment, and a higher employment of low-skill workers may be associ-
ated with a more intensive use of nonautomation machinery as well.
Ideally, we would measure the expected future labor costs paid by

the actual and potential customers of automation innovators. This raises
two issues. First, a measure directly based on customers’ data would suffer
from reverse causality, and we would need an instrument. A natural can-
didate would be a shift-share instrument. In the absence of direct data
on the labor costs paid by innovators’ customers, we directly use such a
shift-share measure as a proxy. Our regression should therefore be seen
as the reduced form of this instrumental approach. Second, we cannot
measure expectations, so we use current labor cost shocks as a proxy for
shocks on expected future costs—though in section IV.E, we explicitly
build a model for expected wages using an AR process.
20 If automation innovations are internal to the firm, then the argument follows if one
interprets the innovator’s customers as the downstream production sites of the same firm.

21 Our conceptual argument is reflected in the business practices of large innovators.
Siemens, the biggest innovator in our sample, is a very international company, with 14%
of its revenue in Germany in 2018. Its strongest growing division was the Digital Factory
Division, which provides a broad range of automation technology to manufacturers across
the globe. The annual report (Siemens 2018) uses a number of our keywords and describes
how “the Digital Factory Division offers a comprehensive product portfolio and system so-
lutions for automation technologies used in manufacturing industries, such as automation
systems and software for factory automation, industrial controls and numerical control sys-
tems, motors, drives and inverters and integrated automation systems for machine tools
and production machines.” The report is centrally interested in how “changes in customer
demand [for automation technology by downstreammanufacturers] are strongly driven by
macroeconomic cycles.” It does not mention labor costs directly but uses euphemisms such
as “increase competitiveness,” “enhance efficiency,” “improve cost position,” and “stream-
line production.” Siemens further discusses how such macroeconomic trends affect its
R&D decisions.
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More specifically, we measure the labor costs paid by the customer of
an innovator as a weighted average of country-level labor costs, where
the weights reflect the market exposure of innovators. That is, we define
the average low-skill wL,i,t and high-skill wH,i,t labor costs faced by firm i’s
customers as

wJ ,i,t ; ∑
c

ki,cwJ ,c,t  for J ∈ L, Hf g, (2)

where wL,c,t (wH,c,t) are the low-skill (high-skill) labor costs in country c at
time t and ki,c is the fixed weight of country c for firm i.22 Similarly, we build
controls for several macroeconomic variables—such as labor productivity,
gross domestic product (GDP) per capita, or size of the manufacturing sec-
tor—that could also affect innovation.
With this shift-share measure, our identification strategy relies on how

country-level shocks affect firms differently. We discuss identification ex-
tensively in section IV.C. We now describe how we obtain country-level data
(such as wL,c,t) and firm data (including the weights ki,c).
B. Country-Level Data
We use data on 41 countries. Most of our data come from the 2013 release
of the World Input-Output Tables (Timmer et al. 2015), which contains
information on hourly labor costs from 1995 to 2009 across educational
attainment groups.23 We focus on labor costs in manufacturing since
our keywords largely come from the SMT. Our results are robust to using
labor costs in the entire economy. Although our data cover all labor costs,
we refer to them as wages for simplicity. In the data, the low-skill workers
are defined as having no high-school diploma or equivalent, whereas the
high-skill workers have at least a college degree. Middle- and low-skill
wages are highly correlated, and we can interpret our low-skill wage vari-
able as reflecting both.
We calculate labor productivity in manufacturing as value added di-

vided by hours. We gather exchange rate and GDP data from the United
Nations Statistics Division and compute the GDP gap to control for busi-
ness cycles. We deflate all nominal values with the local producer price
22 More precisely, innovation incentives depend on the costs for automatable tasks, but
there are no good international occupational or task-level labor costs data. Since low-skill
workers’ tasks have been more intensely automated, we use low-skill labor cost as a proxy
for the cost of automatable tasks. This proxy will be particularly good if labor markets are
flexible across occupations within education groups or if labor shocks affect low-skill work-
ers similarly across occupations. Otherwise, a noisy measure should result in a bias towards
zero.

23 The data cover 40 countries, including all major markets (United States, Japan, all EU
countries as of 2009, China, India, Brazil, Russia, etc.). We obtain similar data for Switzer-
land from the Swiss Federal Statistical Office.
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index for manufacturing (indexed to 1995) and then convert everything
into US dollars using the average exchange rate for 1995, the starting
year of our regressions. Appendix section A.5.1 provides further details
and summary statistics.
Figure 3 uses the six countries with the largest average weights and

shows the log low-skill wages, the log low-skill wages residualized on
country and year fixed effects, and the residualized log inverse skill pre-
mium. Trends vary markedly across countries, providing a significant
amount of variation in the data: for instance, the United States sees a rel-
ative decrease in the inverse skill premium, while Italy follows a non-
monotonic pattern.24
C. Firm-Level Data
We now describe our firm-level data. To identify firms, we use Orbis In-
tellectual Property, which matches global patent data to the companies
in Orbis (details in app. sec. A.5.2). We then use PATSTAT to obtain all
bibliographic information on firms’ patents, including their C/IPC
codes, which allows us to identify machinery and automation patents.
We use this to build our dependent variable: the count of automation
patents filed by a firm in a given year.
We use the firm’s patent filing history as a proxy for its market expo-

sure to measure the weights ki,c. This method builds on that of Aghion et al.
(2016). Firms differ in their market exposure because of trade barriers,
heterogeneous customer tastes, or various historical accidents. A patent
FIG. 3.—Country-level trends in low-skill wages and inverse skill premium.A, Raw log low-
skill wages. B, Log low-skill wages residualized on country and year fixed effects. C, Log in-
verse skill premium residualized on country and year fixed effects.
24 Figure A12 showsmore precisely the identifying variation, taking into account the shift-
share structure of our measure following Borusyak, Hull, and Jaravel’s (2022) methodology.
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grants its holder the exclusive right to commercially exploit an innovation
in a specific country for a limited period. Inventors must file a patent in
each country where they wish to protect their technology. Patenting is
costly: a firmmust hire lawyers and possibly translators and pay filing costs.
Therefore, inventors seek patent protection in a country only if they are
confident about the potential market value of the technology (Eaton and
Kortum 1996). Indeed, empirical evidence suggests that inventors do not
patent widely and indiscriminately, with the average invention being pat-
ented in only two countries (Dechezleprêtre et al. 2011).25

For each firm, we compute the fraction of its patents inmachinery pro-
tected in each country c for which we have wage data, ~ki,c . We keep the
weights fixed and compute them during the presample period 1971–94
to ensure that they are weakly exogenous.26 We restrict our attention to
patent families with at least one citation (without self-citations) to exclude
the lowest quality patents. See appendix section A.5.3 for details notably
on how we treat European patents.
The raw patent count indicates whether a firm intends to sell its prod-

ucts in a market but does not capture market size. A larger market attracts
more firms, so the market size per firm does not grow one-to-one with
country size. To account for this, we weigh each country c by GDP0:35

0,c , where
GDP0,c is the 5-year average GDP of country c at the end of the presample
period.27 As a result, the weight of country c for firm i is

ki,c 5
~ki,cGDP

0:35
0,c

∑
c 0
~ki,c 0GDP

0:35
0,c 0

: (3)

Following equation (2), we then combine the weights ki,c with the macro
variables presented in section III.B to build macro variables, including
wages, at the level of firms’ customers. We use 1971–94 as a presample pe-
riod, as PATSTAT’s coverage is significantly better from the 1970s onward,
and we prefer a long time period for our baseline measure. Importantly,
25 Aghion et al. (2016) verify that a method similar to ours accounts well for the sales
distribution of major auto manufacturers. Coelli, Moxnes, and Ulltveit-Moe (2022) carry
out a more systematic exercise and verify that such a method accounts well for aggregate
bilateral trade flows and firm exports across eight country groups in a representative panel
of 15,000 firms from seven European countries (regressing patent weights on sales weights
gives a coefficient of 0.89, with a standard error of 0.008). In app. sec. B.2, we also show that
our patent weights correlate well with trade flows.

26 This approach aligns with our goal of identifying the exogenous effect of an increase
in wages on innovation. In reality, the exposure to different markets changes over time in
part in response to changes in wages. Studying this response would be interesting but is be-
yond the scope of this paper.

27 We use Eaton, Kortum, and Kramarz’s (2011) study on French exports to compute the
elasticity of the average exports by firm with respect to the GDP of the destination country
and find 0.35.
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the weights are stable over time. We show that our results are robust to
alternative presample periods and weighing schemes in section IV.E.28
D. Estimation Equation
We now describe how we estimate the effect of an increase in wages on
automation innovations. We have a panel of firms with patent data and
firm-level wage variables. Since our dependent variable is a count of pat-
ents, we use a Poisson specification. We assume that firms’ innovation in
automation follows29

E PATAut,i,tð Þ 5 exp

bwL
lnwL,i,t22 1 bwH

lnwH,i,t22 1 bXXi,t22

1bKa lnKAut,i,t22 1 bKo lnK other,i,t22 1 bSa lnSPILLAut,i,t22

1bSo lnSPILLother,i,t22 1 di 1 dj ,t 1dc,tð Þ

0
BBB@

1
CCCA: (4)

PATAut,i,t denotes the number of biadic automation patent families by
firm i in industry j and country c, with first application filed in year t. Au-
tomation patent families are the auto95 patents defined in section II. As
mentioned in section II.G, we focus on biadic patent families, in line
with our empirical strategy, which relies on firms’ exposure to interna-
tional markets.
wL,i,t and wH,i,t are the average low-skill and high-skill manufacturing

labor costs faced by the customers of firm i at time t defined in (2). Xi,t

represents a vector of macroeconomic controls: labor productivity in
manufacturing or GDP per capita to capture technology, human capital,
or demand shocks in the customers’ countries and the GDP gap for busi-
ness cycles fluctuations.
We include controls for knowledge stocks at the firm and country

level. KAut,i,t and K other,i,t denote the stocks of knowledge in automation
and in all other technologies of firm i at time t. We compute these knowl-
edge stocks using the perpetual inventory method. SPILLAut,i,t and
SPILLother,i,t similarly denote the stocks of external knowledge (spillovers)
in automation and in other technologies to which firm i has access at
time t. We compute these spillovers as a weighted average of country-level
knowledge stocks, where the weights now reflect the location of the firms’
inventors.30 These controls serve two purposes. First, they ensure that we

(4)
28 We consider two alternative definitions of low-skill wages where weights are based on
1971–89 or 1985–94. For the firms in our baseline regression sample, the correlation be-
tween these two wage variables is 0.91.

29 For estimation, we use the ppmlhdfe command from Correia, Guimarães, and Zylkin
(2020), which allows us to runPoisson regressionmodels withhigh-dimensional fixed effects.

30 We use a depreciation rate of 15% when computing stocks at the firm or country level.
The weights in the spillover variables correspond to the location of firms’ innovators (ob-
tained from PATSTAT) before the sample period in 1971–94. When computing the log of
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do not simply capture that some firms or countries are on different auto-
mation trends. Second, knowledge spillovers are an important character-
istic of innovation processes and can amplify the short-run response of
innovation to economic shocks over time. On the empirical side, Popp
(2002) finds that including a measure of knowledge stocks is important
to obtain correct estimates of energy prices on energy-saving innovations.
On the theoretical side, including measures of the stock of knowledge is
important for the calibration of macro models of directed technical
change (Acemoglu 2023).
We lag the right-hand-side variables by 2 years in the baseline regres-

sions for two reasons. First, the empirical literature for other types of in-
novation suggests a 2-year lag between R&D investment and patent appli-
cation. Second, at the time of their R&D investment, innovators would use
contemporaneous wages as a predictor of future wages. Section IV.E ex-
plores alternative timing assumptions.
di are firmfixed effects such that our variation comes fromhow changes

inwages affect changes in automation innovations.31 dj,t are industry� year
fixed effects. A firm’s industry j is the manufacturing industry and corre-
sponds to its two-digit industry in Orbis. Table A2 gives the distribution of
firms and patents across the main industries in our sample. In some spec-
ifications, we include country � year fixed effects dc,t, where the firm’s
country (the home country) is defined as the country with the largest
weight ki,c. We cluster standard errors at the firm level.32
E. Baseline Sample
We now describe the sample we rely on to estimate equation (4). Since
wages are available for 1995–2009, our baseline datasets rely on firms that
applied for at least one biadic automation patent between 1997 and 2011.
These firmsmust also have at least one patent prior to 1995 so that we can
compute the patent weights ki,c. We also exclude purely domestic firms
(i.e., those that patented in only one country before the sample period),
though our results are very similar if we include them. Our baseline sam-
ple for the auto95 measure corresponds to 3,236 firms.
stocks or spillovers, we replace zeros with ones and add a dummy variable to indicate where
stocks or spillovers are zero.

31 We use the Hausman, Hall, and Griliches (1984) method in our baseline specification
to control for firm-level fixed effects. This is the count data equivalent to the within-group
estimator. Technically, thismethod is inconsistent with eq. (4), as it requires strict exogeneity
and hence prevents the lagged dependent variable from appearing on the right-hand side
(which it does here to a limited extent through the knowledge stock KAut,i,t22). Nevertheless,
we show in sec. IV.E that our coefficients of interest are not affected by this Nickell bias.

32 Alternatively, we cluster at the country level in app. sec. A.6, following the approach of
Cameron, Gelbach, and Miller (2008), and discuss inference in the shift-share setting in
sec. IV.C.
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Table A3 shows that our sample of firms covers a considerable share of
worldwide automation innovations in machinery. Orbis’s coverage is ex-
cellent: we can assign 84.9% of all biadic auto95 patent families in 1997–
2011 to a firm. Moreover, most heavy patenters had already patented in
at least two countries before the sample period: the firms of our sample
account for 53.5% of all biadic auto95 patent families.
Table A4 gives descriptive statistics on the number of automation pat-

ents per year and lists the sample’s 10 biggest automation innovators. The
distribution of auto95 patents is strongly skewed: over the period 1997–
2011, themedian firm in the sample filed two auto95 patent applications,
whereas the 99th percentile filed 194. In our empirical analysis, we also
look at the effect of wages on nonautomation machinery patents (de-
fined as pauto90 patents, i.e., machinery patents that are not auto90 pat-
ents). For that exercise, we restrict the sample further to firms that have at
least one pauto90 patent. The average number of citations per patent is
slightly higher for auto95 than for pauto90 patents (9.3. vs 7.6).
Table 4 provides descriptive statistics on the country weights for the

firms in our sample. The largest country for a given firm has, on average,
a weight of 0.47 (for the auto95 sample), and the second largest has a
weight of 0.17. For regressions with country � year fixed effects, the lat-
ter is more relevant. The three countries with the largest weights on aver-
age are the United States, Germany, and Japan. Finally, we compute the
TABLE 4
Descriptive Statistics of Firms in Our Baseline Regression

Total
(1)

Foreign
(2)

A. Average Weights

Largest country .47
Second-largest country .17
Third-largest country .10
Fourth-largest country .07
United States .21
Germany .20
Japan .17
France .09

B. Weight Variation

HHI country (%) 13.3 9.0
HHI country � year (%) .9 .6
Mean pairwise correlation .08 .13
Note.—The table presents summary statistics for the country weights of
firms. Column 1 reports statistics for the total weights. Column 2 presents in-
formation on foreign weights (normalized to 1). Panel A reports the average
weights of the largest countries. Panel B reports the HHI at the country and
country� year level. The mean pairwise correlation is the average pairwise cor-
relation between any two firms (col. 1) or firms within a home country (col. 2).
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Herfindahl-Hirschman index (HHI) of the weights. TheHHI of country-
level weights is 0.13. For regressions with country� year fixed effects, the
relevant statistic is the HHI of the foreign weights (i.e., excluding the
home country and renormalizing to 1), which is 0.09 at the country level.
With 15 years, the HHI of country� year weights is 15 times smaller. The
average pairwise correlation of weights is low: 0.08 (and 0.13 for foreign
weights of firms from the same country).
Table A5 reports standard deviations and a correlation matrix for the

firm-level macroeconomic variables, residualized on firm and industry�
year fixed effects. We still find significant variation in the residualized
(log) low-skill wages, as the standard deviation is 0.03 (by comparison,
the standard deviation is 0.1 when residualizing only on firm fixed ef-
fects). Appendix section A.6.1 provides additional statistics computed
at the level of the shock of our shift-share variable (see table A30).
IV. Global Wages and Induced Automation
We present our results in three steps. First, we find a positive effect of low-
skill wages on automation innovations. Second, we show that this effect
does not exist for nonautomation innovations in machinery. Third, we
build on the recent shift-share literature (notably Borusyak, Hull, and
Jaravel 2022) and argue that the effect of low-skill wages on automation
innovations is causal. We then discuss the magnitude of our effects and
provide robustness checks.
A. Main Results
Table 5 presents our baseline results. We run a panel analysis at the firm
level for the periods 1997–2011 (for the left-hand-side variables) and 1995–
2009 (for the right-hand-side variables). We regress the count of automa-
tion patents in a firm on measures of the low- and high-skill labor costs
faced by their potential customers. Columns 1–3 control for firm and in-
dustry � year fixed effects. An increase in the low-skill wage paid by the
downstream producers of an innovating firm predicts an increase in auto-
mation innovation. The estimated coefficient is an elasticity, such that an
increase of 1% in the low-skill wage is associated with between 2.7% and
3.6%more automation patents. In contrast, high-skill wages predict a de-
crease in automation innovation of roughly the same magnitude. The re-
gressions also control for the business cycle (GDP gap), labor productivity
in manufacturing (col. 2), or GDP per capita (col. 3) in the customers’
countries. None of these macroeconomic controls have consistently sig-
nificant effects. We find no evidence that firms specializemore in automa-
tion innovations following a successful innovation, as the stock of automa-
tion knowledge at the firm level predicts fewer automation innovations in
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the future. In contrast, we find clear evidence of knowledge spillovers: firms
exposed to more knowledge in automation technologies tend to under-
take more automation innovations. As a result, the overall effect of an in-
crease in low-skill wages on innovation is larger than its short-run effect
(see sec. IV.D).
Country � year fixed effects.—Unobserved country-level shocks in the in-

novator’s country may impact both wages and innovation by affecting
the cost of innovation or the demand for automation equipment through
other channels than downstreamwages. For instance, a tax reform in Ger-
many could affect both German low-skill wages and directly the incentive
to innovate for German firms. Shocks that affect firms mainly through
their home country can be captured with (home) country� year fixed ef-
fects. As discussed further in section IV.C, our identifying assumption is
then that foreign wages are exogenous to the firm’s automation innova-
tion given our controls. Columns 4–6 report the results with country �
year fixed effects: we still obtain a positive effect of low-skill wages on au-
tomation innovations and anegative effect forhigh-skill wages with similar
elasticities. In table A6, we instead define the home country as the country
with the largest presample inventor weight or the headquarter country.
We find similar effects.33

Foreign wages.—Building on these results, we decompose themacro var-
iables into their home and foreign components and analyze the effect of
foreign wages. We normalize foreign variables such that the coefficients
can still be interpreted as elasticities.34 Again, we find a positive effect of
low-skill wages on automation innovation and a negative effect for high-
skill wages (cols. 7–9). Neither Aghion et al. (2016) nor other papers using
their methodology include country � year fixed effects or focus on for-
eign variation. As arguedbelow, thesefixed effects are generally important
for identification in such settings.
The elasticity of automation innovation with respect to low-skill wages

ranges from2.2 to 3.6whenwe focus on total wages and is somewhat larger
(from 4.2 to 5.3) when we focus on foreign wages. This range does not de-
pend on the inclusion of controls for stocks, spillovers, or the GDP gap
33 For our sample, the country with the largest patent weight is also the one with the larg-
est inventor weight in 61% of the cases (75% if firms are weighed by their count of auto95
patents).

34 Specifically, we can decompose total low-skill wages wL,i,t as wL,i,t 5 ki,DwL,D,t 1 ki,FwL,F,t ,
where ki,D is the home weight, w L,D,t is the home wage, ki,F 5 1 2 ki,D is the foreign weight,
and wL,F,t is the average foreign wage. We use the normalized foreign (log) low-skill wage,
which is defined as (ki,FwL,F,0=wL,i,0) log wL,F,t . The ratio ki,FwL,F,0=wL,i,0 captures the fact thatmore
internationally exposed firms are more affected by foreign wages. We compute it at the be-
ginningof the sample. As d⁢ log wL,i,t 5 (ki,Dw L,D,0=wL,i,0)d log wL,D,t 1(ki,FwL,F,0=wL,i,0)d log wL,F,t ,
an increase in the normalized foreign low-skill wage by 0.01 corresponds to an increase in total
wages by 1%. We define normalized foreign high-skill wages, GDP per capita, and labor pro-
ductivity similarly (GDP gap is already an average of logs, so we simply multiply the average
foreign GDP gap with ki,F).
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(see table A7). To interpret the size of this elasticity, note that our analysis
focuses on innovation with a high automation content and reflects the be-
havior of firms undertaking automation innovations.35 We discuss the
magnitude of our effect further in section IV.D.
Auto90.—Table A8 reproduces table 5 but for the auto90 measure of

automation. The results are very similar, but the coefficients on low-skill
wages tend to be of a smaller magnitude, consistent with auto95 being a
stricter measure of automation.
Skill premium.—The previous results suggest that the skill premium is a

driver of automation innovations since the coefficients on low-skill and
high-skill wages are of a similar magnitude but opposite signs. Table A9
directly regresses automation innovation on the log of the inverse of the
skill premium. The coefficient on the inverse skill premium is similar to
that on low-skill wages in the previous specifications and significant at the
1% level in all specifications.
B. Nonautomation Innovation and the Direction
of Innovation
Is the effect of wages on automation innovations specific to automation,
or does it affect machinery patents in general? To answer this question,
we now look at the nonautomation innovations inmachinery undertaken
by the sample of firms in our baseline regressions. Specifically, we repro-
duce the regressions of table 5 but for machinery innovations that are
not auto90, denoted pauto90. We recompute the knowledge stocks and
spillover variables for pauto90 innovations (own) and for all innovations
except pauto90 (other). Table 6 reports the results. The coefficients on
low- and high-skill wages are much smaller and significant in only one
specification without country � year fixed effects for low-skill wages.36

Therefore, the same firms react differently following the same shocks in
their automation and nonautomation innovations.
The pauto90 patents are a good placebo for the auto95 patents, as they

are bothmachinery patents and tend to target the same sectors (see fig. A9).
However, to ensure even greater comparability between the two sets of
patents, we focus on a subset of pauto90 patents—refined pauto90—
which are technologically closer to auto95 patents. Specifically, we identify
the set of four-digit C/IPC machinery codes that contain at least one six-
digit auto95 code (i.e., a six-digitmachinery code for which theprevalence
of automation keywords is in the top 5% percent of the distribution).
35 By comparison, the elasticities of clean and dirty patents with respect to fuel price in
Aghion et al. (2016) are slightly smaller (between 0.5 and 3).

36 We drop some firms from the sample of table 5 because they do not have pauto90 pat-
ents during this period. The baseline results on auto95 innovations remain unchanged
when restricting attention to the common subsample of table 6.
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Refined pauto90 patents are pauto90 patents that belong to one of these
four-digit C/IPC codes.37 Columns 1–3 in table A10 show that the results
are very similar to pauto90. In that table, we also include the full sample of
firms with pauto90 innovations (cols. 4–6) and look at all machinery inno-
vations excluding auto95 innovations (pauto95 in cols. 7–9). Again, the
coefficients on low- and high-skill wages aremuch smaller than for auto95
patents and insignificant.
Finally, we show that wages affect the direction and not just the level of

innovation in table A11: we regress the count of auto95 innovations control-
ling for the number of pauto90 patents. We find similar coefficients, so our
results are not driven by a general tendency for firms to innovate more.38
C. Shift-Share Structure and Identification
The previous results establish a correlation between firms’ automation
innovations and the low-skill wages faced by their customers. We now ar-
gue that this correlation reflects a causal effect of an increase in low-skill
wages on automation innovation.
Since our measure of wages has a shift-share structure, we draw on the

recent literature that discusses the identifying assumptions in this type
of setup. We interpret our results through the lens of Borusyak, Hull, and
Jaravel (2022). In the language of our setting, they show that the random
assignment of wage shocks conditional on weights and controls can be
sufficient for identification. The estimator is consistent if many country �
year pairs are affected by weakly correlated shocks (we argue in app. sec. A.6.1
that these conditions are met).39

Conditionally randomly assigned wage shocks.—An important feature of
our research design is that we include country� year fixed effects and fo-
cus on foreign macro variables. As a result, our regression coefficients do
not reflect a spurious correlation between low-skill wages and innovation
coming from domestic shocks, such as domestic tax policy. Instead, our
regression coefficients must reflect the effect of foreign shocks that affect
the demand for automation machinery and are correlated with changes
in wages. Further, since we control for high-skill wages, these foreign
37 Refined pauto90 patents tend to be used by the same sectors as auto95 patents: the
employment-weighted correlation between the ratio of auto95 patents over capital pur-
chases and refined pauto90 over capital purchases across US sectors rises to 0.90 (vs.
0.76 for all pauto90 patents).

38 To handle zeros in the count of pauto90 patents, we either use the arcsinh or replace
zeros with ones in the log count and add a dummy variable for any positive count. We also
run a regression where we fix the coefficient on the log(pauto90) to 1, which amounts to
using the ratio of auto95/pauto90 as a dependent variable.

39 As shown in table 4, the Herfindahl index for our foreign weights at the country level
is 0.09 and 0.006 at the country � year level. In app. sec. A.6.1, we argue that there is sig-
nificant variation within countries (see also figs. 3, A12).
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shocks must have asymmetric effects for low- and high-skill workers, a
point further supported by the results on the skill premium.Wages them-
selves are an equilibrium outcome, and we can think of wage shocks as
coming from four sources of variation: regulatory changes, labor supply
shocks, customer demand shocks, and technology shocks. We discuss these
in turn.
First and second, regulatory changes or labor supply shocks present an

ideal source of variation. For example, the introduction of a minimum
wage or demographic or education shocks is unlikely to affect automation
innovations through any channel other than an increase in labor costs. In
principle, regulation or labor supply shocks could also affect the produc-
tion costs of innovating firms and thus innovation. However, as long as
production is concentrated in the home country, country � year fixed ef-
fects will absorb the effect.40 In section V, we will focus on minimum wage
changes and a specific labor-market shock, the Hartz reforms in Germany.
Third, foreign demand shocks for the customers of innovating firms

may affect foreign manufacturing wages and thus automation innova-
tion. But foreign demand shocks may also directly affect the demand
for automation equipment and innovation, which could bias our wage co-
efficients. The asymmetry between low- and high-skill wage coefficients
already rules out the possibility that our results are driven by skill-neutral
demand shocks (which are also addressed by our controls for GDP gap
andGDP per capita). However, sectoral demand shifts toward low-skill in-
tensive sectors could raise low-skill wages (relative to high-skill wages) and
may lead to an increase in auto95 innovations, if these innovations tend
to targetmore low-skill intensive sectors (see Autor et al. 2024 for amodel
with such sectoral shifts). This is why we control for labor productivity in
manufacturing in table 5. Further, in columns 1, 4, and 7 of table 7, we
control for the size of the manufacturing sector, computed as the other
macro variables.41 Our coefficients on low- and high-skill wages hardly
change. Still, skill-biased sectoral demand shifts could also occur within
manufacturing.Webuild a variable to capture these: weweigh time-varying
sectoral value added withinmanufacturing (for 46 sectors) at the country
level by the low-skill share of labor costs in each sector in the United States
in 1995. We then build this variable at the firm level using a shift-share.
Columns 2, 5, and 8 report the results: the coefficients on wages remain
40 If a seller of automation machinery serves a foreign market through local production
instead of exporting, higher foreign low-skill wages in production would increase the price
of machines and therefore bias our coefficient on low-skill wages toward zero.

41 We remove the control for labor productivity in manufacturing since it is closely
related to that control, though keeping it does not change the results. Controlling for
the share (instead of the size) of manufacturing in GDP leads to similar results in unre-
ported regressions.
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similar. The coefficients on these controls do not suggest a consistent effect
for foreign customer demand shocks.42

Fourth, foreign technology shocks could also directly affect automa-
tion innovations. Skill-neutral technology shocks are already addressed
by our control for labor productivity. In contrast, a recent period of higher
than usual automation innovation will increase the skill premium and
could reduce future automation innovations through another channel
thanwages, for instance, if it affects the competitive landscape formachin-
ery producers. To address this, we construct a measure of recent innova-
tion analogous to that for low-skill wages: for each country, we compute
the number of automation innovations applied for in the past 3 years.
Then, we build firm-specific measures using the same patent weights as
for wages (while spillover controls use inventor weights). We construct a
similar control for other innovations. Columns 3, 6, and 9 of table 7 report
the results. Our coefficients on low-skill wages remain similar, and these
controls do not show a consistent effect across specifications. Reverse cau-
sality would also manifest itself as a technology shock. The effect of a firm
on its homemarket is already captured by country� year fixed effects, but
a firm’s own innovationmay affect foreign wages if the firm is particularly
large. In addition, to the above control, we also directly control for the
stock of knowledge at the firm level and lag wages. Finally, reverse causality
would, if anything, bias the low-skill wage coefficient downward.43 There-
fore, skill-biased technology shocks do not seem to be driving our results.
To summarize, in the presence of country� year fixed effects and a con-

trol for high-skill wages, our regression coefficients must reflect the effect
of foreign demand shocks for automation equipment producers with
asymmetric effect on wages. As we have just seen, these foreign demand
shocks are most likely regulatory shocks or labor supply shocks that allow
us to identify a causal effect of wages on automation innovations. The sta-
bility of our coefficients to various controls can also be seen as a test of
the exclusion restriction (Borusyak, Hull, and Jaravel 2022; Aghion et al.
2024). Importantly, our coefficients on low-skill wages should be com-
pared with those from regressions with the placebo innovations (reported
in tables 6 and A10). Should our result on the effect of low-skill wages on
automation innovations come from a bias, then that bias would have to be
absent for other types of machinery innovations undertaken by the same
42 Offshoring is another form of foreign demand shocks. We show that our results are
robust to a control for offshoring in app. sec. A.6.2.

43 An additional concern might come from low-skill human capital shocks (captured by
g(i) in themodel of app. sec. A.4), which we cannot directly control for. However, a positive
shock to low-skill human capital would be associated with higher wages and less automa-
tion innovation and would correspondingly also bias our estimates downward.
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firms and for the same four-digit C/IPC codes. Finally, section V provides
direct evidence from regulatory changes with quantitatively similar results.
Falsification tests and inference.—We now turn to inference. Two poten-

tial issues arise: residual errors of firms with similar country distributions
may be correlated (Adão, Kolesár, and Morales 2019), and our identifi-
cation variations come from a limited set of country � year observations
(Borusyak, Hull, and Jaravel 2022). To address these in our Poisson set-
ting, we implement aMonteCarlo simulation similar to those of Borusyak
and Hull (2023). We base our simulation on the regressions of table 5.
For each country, we sample with replacement the full path of macro var-
iables (wages, labor productivity, GDP per capita, and GDP gap) from the
existing set of countries (e.g., Germany will get the macro variables of
Canada). Then, for each firm, we compute the firm-level macro variables
as the weighted average of these new country-level variables, keeping the
original country weights. We keep the automation activity, the stocks of
innovations, and the spillover variables as in the data. We run the regres-
sions, store the coefficients on low-skill and high-skill wages, and repeat
4,000 times. Table 8 reports the p-values of the original coefficients on
low-skill and high-skill wages based on the simulated distribution of coeffi-
cients. The p-values are not markedly different from those in table 5. In par-
ticular, the low-skill wage coefficients are significant at least at the 10% level
(except in col. 4, with p 5 :12) and at the 1% level whenwe focus on foreign
wages. In the language of Adão, Kolesár, and Morale (2019), the set of
controls absorbs most of the country-specific shocks affecting the out-
come variable, and consequently, no shift-share structure is left in the re-
gression residuals. Figure A3A–A3C plot the distribution of coefficients
for columns 2, 5, and 8. We can also view this permutation exercise as a
falsification test, and accordingly, the distributions are centered around
zero.
Similarly, we perform an additional falsification test where instead of

permuting the macro variables across countries, we permute the weights
across firms from the same country. Specifically, for each firm, we keep
the automation activity, the stocks of innovations, and the spillover var-
iables as in the data, but we sample (with replacement) their weights from
the set of firms from the same country. That is, we may now attribute to
Siemens the wages that, in reality, Bosch faces. We repeat the exercise
4,000 times, and table 8 reports the p-values of the original coefficients
on low-skill and high-skill wages based on the simulated distribution of
coefficients. The p-values are similar or smaller than those of table 5. Fig-
ure A3 plots the distribution of coefficients we obtain for columns 2, 5,
and 8. The distributions are centered around zero whenwe include coun-
try � year fixed effects (fig. A3E, A3F ). In figure A3D, we use the home
country variation for identification, and the mean coefficient is positive
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but significantly smaller. This exercise highlights that the relevant varia-
tion is between firms of the same country and not simply cross-country.
D. Magnitude of the Effect
Having established that the effect of wages on automation innovations is
likely causal, we now focus on the magnitude of the effects.
High-skill wages.—We found a large positive effect of high-skill wages

when controlling for low-skill wages. This is consistent with a large litera-
ture on capital-skill complementarity (Krusell et al. 2000), with ourmodel
in appendix section A.4, and with the results in section II.H on the skill
ratio. More generally, papers studying the effect of automation technolo-
gies on employment outcomes frequently (though not always) document
an increase in the skill ratio (see, among others, Graetz and Michaels
2018; Humlum 2021; Boustan, Choi, and Clingingsmith 2022).
Comparison with the literature.—We now compare our estimates with

those of the two papers closest to ours: Lewis (2011) and Acemoglu
and Restrepo (2022). Lewis (2011) shows that US manufacturing plants
adopted fewer automation technologies when the local ratio of low- to
middle-skill workers increased following immigration shocks. He mea-
sures automation with the SMT, from which we derived a large share
of our keywords. He also measures the effect of an increase in the ratio
of low- to middle-skill workers on the relative wages of high-, middle-,
and low-skill workers. Combining these numbers, we can back out an
elasticity of automation adoption with respect to the inverse skill premium
of 3.6, very much in line with our coefficients. Deriving this number, how-
ever, requires making a number of assumptions and should be assessed
accordingly (see app. sec. A.6.3 for details).
Acemoglu and Restrepo (2022) study the effect of aging on robotics

adoption and innovation across countries. They also report the effect of
aging on blue-collar manufacturing wages across US commuting zones.
Combining these results, we can back out an elasticity of robot adoption
with respect to relative blue-collarmanufacturing wages of 3.9 and an elas-
ticity of innovation of 1.5 (see app. sec. A.6.3 for details). Again, these
back-of-the-envelope numbers should be taken with caution and cannot
substitute for our analysis, which looks directly at the effect of wages on
automation innovation. Still, it is reassuring that themagnitudes of the ef-
fects are similar.
Conceptually, and as emphasized in the introduction, it is important

to distinguish the adoption response to a wage shock from the innova-
tion response. In particular, calibrating directed technical change macro
models requires estimates of the innovation response (Acemoglu 2023).
While a shock to adoption must die out over time (when all firms have
adopted a given technology), a shock to innovation can build on itself.
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In the short run, technology adoption is dominated by the increased use
of existing technologies. In the medium run, however, the innovation re-
sponse is a key determinant of the overall adoption response, while new
adoption of existing technologies plays a smaller role. In the longer
run, the innovation response also depends on knowledge spillovers.44

Simulation results.—In the following, we analyze the economic magni-
tude of our coefficients and highlight the role played by spillovers. We
do so by estimating the long-run effect of a change in the skill premium
on task demand and the labor share that runs through endogenous au-
tomation innovation. To do so, we run a simulation in which we consider
a uniform and permanent decrease in the skill premium by 10% between
1995 and 2009. We run a regression that jointly estimates the effect of au-
tomation innovations(auto95)andothermachinery innovations(pauto95).
We then use our regression results to simulate a Poisson process for each
firm, and we recompute the share of automation innovations in machinery
over that period. We run alternative simulations that either include or ex-
clude the effects of spillovers and firms’ knowledge stocks. Appendix sec-
tion A.6.4 details our procedure including the exact regression (table A43).
Figure 4 reports the results averaged over 800 simulations.45 We first

compute the direct effect of a decrease in the skill premium (keeping
stocks and spillover variables constant) on the share of automation inno-
vations in machinery. This effect is captured by the gap between the data
curve and the data1 direct effect curve. This gap reflects the elasticity of
2.55 of auto95 innovations with respect to the inverse skill premium (with
an elasticity of 0.52 for pauto95). Next, we include the effect of updating
firms’ own innovation stocks in the data 1 direct 1 stock curve, which
slightly decreases the effect of low-skill wages, reflecting the negative effect
of the automation stock on auto95 innovations and its positive effect on
pauto95 innovations.
We then assess the importance of knowledge spillovers by recomputing

the spillover variables for the auto95 and pauto95 innovations. This is not
a straightforward exercise because we need to predict not only the num-
ber of innovations but also their location. The baseline curve corre-
sponds to the median realization for the share of automation patents
44 There can also be spillovers in the adoption of new technologies, though fundamen-
tally they are of a different nature: spillovers in adoption are likely to hasten the diffusion
of a given technology in the whole economy, while spillovers in innovation (such as the
building-on-the-shoulders-of-giants externality) can lead to a different technology path.
A rich literature studies spillovers in technology diffusion and adoption. These tend to
be large for technologies exhibiting complementarities, such as payment systems, but
for the machinery technologies that we are studying, spillovers are likely to be mostly infor-
mational. Existing studies (Baptista 2000; No 2008; Békés and Harasztozi 2020) point to-
ward spillovers with elasticities between 0.001 and 0.08, much smaller than the coefficients
we find here (see app. sec. A.6.3).

45 The figure reports the share of automation patents for the firms in our regression
sample. This differs from fig. 2, which reports the share of automation patents for all firms.
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without a wage change (while the data series is one possible realization).
The overall effect of an increase in the inverse skill premiumon the share
of automation innovation is then captured by the gap between the base-
line curve and the baseline1 total effect curve. Knowledge spillovers in-
crease the elasticity of the share of automation patents with respect to the
inverse skill premium. The average share of automation innovations in
machinery between 1997 and 2011 increases by 4.3 percentage points,
that is, 2.3 percentage points more than the direct effect (for compari-
son, the share of automation innovations increased by 4.4 percentage
points over the same time period).
Finally, we combine these effects with the results of section II.H on the

labor market outcomes of automation use (cols. 1, 3, and 5 of table 3). A
4.3 percentage point increase in the share of automation innovation is as-
sociated with a decline in routine cognitive tasks of 6.1 centiles, a decline
in routine manual tasks of 5.5 centiles, and a decline in the labor share in
manufacturing of 5.6 percentage points per decade (for comparison, rou-
tine cognitive tasks, routinemanual tasks, and the labor share declined by
1.4 centiles, 1.3 centiles, and 5.2 percentage points, respectively, per
FIG. 4.—Simulation of permanent and global 10% decrease in skill premium on share
of automation innovations in machinery. We report the median share of automation pat-
ents in machinery across 800 simulations. The shaded areas depict the 33.3%–66.7%
range. The effects are computed on the basis of the regression results of table A43. The
baseline curve reports the mean realization without any change in the skill premium
but when the knowledge spillovers are recomputed every period depending on the simu-
lated number of innovation in the previous periods. The total effect of the skill premium
shock is captured by the gap between the total effect curve and the baseline curve.
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decade in the sectors considered over the period 1980–98). Importantly,
we stress that onemust not interpret the results of this simulation as pre-
dictive, notably because a change in innovation will affect the skill pre-
mium. Nevertheless, this partial equilibrium analysis shows that the effect
of the inverse skill premium on automation innovations is economically
significant.
E. Additional Results and Robustness Checks
This section discusses additional results and robustness checks.
Shift-share design.—Borusyak, Hull, and Jaravel (2022) show that in our

context, shift-sharefirm-level regressions are equivalent toweighted shock-
level (i.e., country� year level) regressions. In appendix section A.6.1, in-
stead of our Poisson regression, we consider a linear setting where such
an equivalence result applies: we use the arcsinh of the count of automa-
tion patents as the dependent variable and replace our log of the average
macro variables with the average of the logs. This linear setting allows us
to give summary statistics on our shock variable and unpack the relation-
ship between the inverse skill premium and automation in the data. Fig-
ure A11 shows bin scatterplots of the shock-level regressions of residualized
automation measures on the inverse skill premium: the relationship ap-
pears linear and not driven by outliers. We also report how balanced our
shocks are with respect to observables.
Goldsmith-Pinkham, Sorkin, and Swift (2020) show that, alternatively,

identification in a shift-share design can be obtained if the weights are
exogenous. In our context, this assumption is likely violated because
firms’ decision to innovate may be affected by other macro shocks in
the destination countries, which would affect firms in proportion to the
same weights. This is why we rely on Borusyak, Hull, and Jaravel (2022).
Nevertheless, we note that our weights appear predetermined and do
not reflect firms’ expectations of future wage growth: country-level growth
rates in low- and high-skill wages between 1995 and 2000 have no predic-
tive power on firm weights in 1995 (see table A12). In addition, we con-
duct robustness checks on our weights in table A13: we exclude automa-
tion patents from the weights, we use a longer lag between the period
used to compute the weights and the regression period either by comput-
ing weights only up to 1989 or by dropping the first 5 years of the regres-
sion, and we drop the earlier years of the presample period when comput-
ing the weights. Our results are robust in all cases.
We conduct additional exercises related to our shift-share setting in ap-

pendix section A.6.1. First, we show that no single country drives our re-
sults by sequentially excluding the six largest countries. Second, Borusyak,
Hull, and Jaravel (2022) recommendconsideringother shock-level variables
that may bias the results. We consider the effect of offshoring and the real
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interest rate. We also control for R&D costs by building firm-specific wage
variables using weights based on the location of inventors instead of pat-
ent offices. Finally, we implement the correction suggested by Borusyak
and Hull (2023) to address the nonlinearity of logged shift-share mea-
sures. Our results are robust in all cases.
Timing and pretrends.—We now study different timing assumptions to

assess whether there are pretrends and because our choice of a 2-year
lag is somewhat arbitrary. In figureA4, we look at alternative lags and leads
for the dependent variables. We consider two specifications, both control-
ling for GDP gap, labor productivity, and country � year fixed effects. In
figure A4A, we look at total wages, corresponding to column 5 of table 5.
In figureA4B, we consider only foreignwages, corresponding to column8.46

The 2-year lag delivers the highest coefficient for low-skill wages in both
cases. This is in line with the empirical literature on induced innovation us-
ing patent data, which often finds effects peaking with a 2–3-year lag (see,
e.g., Aghion et al. 2016; Popp 2002). A possible interpretation of this fast
response is that firms may prioritize existing projects over starting new ones.47

Figure A4 also looks at the effect of leads of wages on automation in-
novations. The early leads (up to 2 years) show significant effects for high-
skill wages. This is not surprising: wages are autocorrelated, and firmsmay
anticipate shocks at shorthorizons. Importantly, though,wefindno significant
effect for longer leads, suggesting that there are nopretrends (testing for such
pretrends isoneof the recommendationsofBorusyak,Hull, and Jaravel2022).
Table A14 runs a horse race regression between 2-year laggedmacro variables
and macro variables with varying leads or lags. The coefficient on lead high-
skill wage is significant in only one case, and the effect of 2-year lagged
low-skill wages is always positive and significant except in one specification.
Additionally, innovators should care only about current wages insofar

as they are predictive of future wages. In table A15, we compute predicted
future wages at time t 2 2 basedon anAR(1) process with country-specific
trends instead of directly using laggedwages. The results are similar to our
baseline.
Nickell’s bias.—Our regressions include the stock of automation inno-

vations and may suffer from Nickell’s bias. Table A16 removes stocks or
uses the standard method of Blundell, Griffith, and van Reenen (1999),
which proxies for the fixed effect with the firm’s presample average of the
dependent variable. We obtain similar results.
46 We keep a lag of two periods for the stock variables; otherwise, the dependent variable
would be included in the right-hand side in the lead and contemporaneous cases.

47 In contrast, our regressions are unlikely to only capture the effect of patenting off-the-
shelf inventions that already exist and have become commercially viable. First, Hall, Griliches,
and Hausman (1986) and Kaufer (1989) show patent applications to be timed closely to re-
search expenditures because the first-to-file rule provides inventors with a strong incentive
to patent as early as possible (Dechezleprêtre, Ménière, and Mohnen 2017). Second, in that
case, the largest effect of wages on patents would be contemporaneous.
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Additional results.—We derive more results in appendix section A.6.2.
We control for middle-skill wages or firm size bin � year fixed effects.
Then, we consider alternative specifications: we run long-difference re-
gressions or cluster our baseline regressions at the country level. Finally,
we look at alternative measures of firm-level wages (by premultiplying pat-
ents weights with other factors than GDP0.35 or by converting macro vari-
ables into US dollars differently or using total wages) and firm-level inno-
vations (by using citations-weightedmeasures of patents and subcategories
of automation innovations).
V. Labor Market Reforms and Induced Automation
We now focus on two specific, identifiable labor shocks: minimum wage
changes and the German Hartz reforms. This complements our main
analysis, which was agnostic about the exact nature of the labor market
shocks driving automation innovations.
A. Minimum Wage
We compute the average minimum wage faced by the downstream cus-
tomers of a specific firm selling automation equipment. We do this as
a shift-share measure of country-level minimum wages exactly as we
did for low-skill wages, with the caveat that we have data for only 22 coun-
tries instead of 41.48 We then run panel regressions similar to our base-
line where we replace the low-skill wage with the minimum wage. Table 9
reports the results. For regressions on total wages (cols. 1–6), the coeffi-
cients on minimum wage are similar to those on low-skill wages in previous
tables, and for regressions on foreign wages (cols. 7–9), the coefficients
are positive but smaller and, in one case, insignificant.49 Overall, these
results support our hypothesis that higher low-skill labor costs induce au-
tomation innovations.
B. Event Study: The Hartz Reforms in Germany
We now examine the effects of the Hartz reforms, a series of labor mar-
ket reforms in Germany, first drafted in 2002 and implemented between
48 We use data from the Organization for Economic Cooperation and Development. Im-
portantly, not all countries have government-mandated minimum wages, and for some
countries, we follow the literature and use sectorally bargained minimum wages. See de-
tails in app. sec. A.5.1.

49 A smaller coefficient is not surprising: first, we focus on manufacturing, where low-
skill wages tend to be above the minimum wage. Second, the minimum wage captures only
a portion of the labor costs. Third, the quality of the data is worse, as we lose nearly half of
our countries. In table A17, we restrict attention to firms with at least two auto95 patents in
the sample period and obtain more precisely estimated coefficients.
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January 1, 2003, and January 1, 2005. In order to reduce unemployment
and increase labor market flexibility, the government reformed employ-
ment agencies, deregulated temporary work, offered wage subsidies for
hard-to-place workers, reduced or removed social contributions for low-
paid jobs, and reduced long-term unemployment benefits. Krause and
Uhlig (2012), among others, attribute an important role to the reforms
in the remarkable performance of the German labor market since then,
particularly in increasing labor supply and improvingmatching efficiency.
Such reforms would reduce the incentive to automate low-skill labor

by decreasing labor costs both directly and indirectly through an increase
in labor supply and a reduction in the expected cost of vacancies. The
Hartz reforms are perhaps themost salient labormarket reforms in ama-
jor country in our time period. This presents an ideal setting: the Hartz
reforms are unlikely to have affected the direction of innovation in non-
German firms through channels other than the German labor market
and were the largest macroeconomic shock in Germany at the time. The
reforms had a large and immediate effect. As soon as they were imple-
mented in 2003, low-skill labor costs started stagnating, while high-skill la-
bor costs kept rising, leading to a sharp decline in the inverse skill premi-
um in Germany (see fig. A5). In contrast, there is no such trend for the
aggregate rest of the world.
We use an approach analogous to our main analysis, measuring inno-

vation and firms’ exposure to international markets. However, we exclude
German firms, as the Hartz reforms likely affected them through chan-
nels other than their customers’ labor costs. We run the following regres-
sion over the years 1997–2014:

E PATAut,i,tð Þ 5 exp

 
bDE,t � dtki,DE 1 bKa ln KAut,i,t22

1 bKo ln Kother,i,t22 1 di 1 dj ,t 1 dc,t

!
:

We keep a 2-year lag on the innovation stocks. As before, PATAut,i,t counts
automation patents; KAut,i,t22 and K other,i,t22 denote firm knowledge stocks;
di, dj,t, and dc,t are firm, industry � year, and country � year fixed effects,
respectively; ki,DE is the fixed German weight of the firm; and dt is a set of
year dummies (with 2005 the excluded year). bDE,t are the coefficients of
interest. They state by howmuch more a firm exposed to Germany tends
to file automation patents in a given year relative to 2005.
Figure 5A reports the results. The coefficient of 22.71 in 2010 means

that, on average, a firm with a German weight of 0.1 (the mean value is
0.105) had a 27.1% smaller increase in automation innovations between
2005 and 2010 than a firm with no German exposure. This aligns with
our regression results: between 2003 and 2008, the inverse skill premium
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in Germany declined by 12.3% relative to the rest of the world. Using the
elasticity of 2.5 in column 4 of table A9, this would correspond to a de-
cline in automation innovations of 30.8% between 2005 and 2010.
From 1999 to 2004, firms more exposed to Germany slightly increased

their propensity to introduce automation innovations. As expected, the
trend reversed between 2005 and 2009, consistent with the Hartz reform
increasing labor supply from 2003 onward and a 2-year lag effect on inno-
vation. From 2010 onward, the coefficients increase again. This reversal
suggests only temporary effects of the Hartz reform on the direction of in-
novation or may be the result of the Great Recession.
We conduct a triple-difference exercise to show that the trends above

are specific to automation innovations. We compare automation innova-
tions with nonautomationmachinery innovations by firmsmore or less ex-
posed to Germany over time. Formally, we run the following regression:

E PATk,i,tð Þ 5 exp

bDE,t � dtki,DE 1 baut
DE,t � dtki,DE1k5aut 1 bKa lnKAut,i,t22

baut
Ka lnKAut,i,t221k5aut 1 bKp lnKPaut,i,t22 1 baut

Kp lnKPaut,i,t221k5aut

1bKo lnK other,i,t22 1 baut
Ko lnK other,i,t221k5aut 1 dk,i 1 dk,j,t 1 dk,c,t

0
BBB@

1
CCCA, (5)

where k denotes the type of an innovation that is either auto95 or other
machinery innovation (pauto95); dk,i represents a set of innovation type

(5)
FIG. 5.—Effect of German exposure on automation innovations. A reports coefficients
on the interaction between the German weight and a set of year fixed effects in a Poisson re-
gression of auto95 innovations controlling for a full set of fixed effects and firm innovation
stocks with 2,156 firms. B reports coefficients on the triple interaction between the German
weight, a dummy for auto95 innovations, and a set of year fixed effects in a regression of
auto95 and other machinery innovations controlling for a full set of fixed effects, firm inno-
vation stocks, and the interaction between the German weight and a set of year fixed effects
with 6,692 firms. Standard errors are clustered at the firm level, and the shaded areas repre-
sent 95% confidence intervals. The figure shows that the relative trend in automation inno-
vation for firms more exposed to Germany reversed after the Hartz reforms.
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firm fixed effects, dk,c,t innovation type country� year fixed effects, and dk,j,t
innovation type industry year fixed effects; 1k5aut is a dummy for an auto95
innovation; and KPaut,i,t is the stock of other machinery innovations
(pauto95) and Kother,i,t the stock of nonmachinery innovations. baut

DE,t are
the coefficients of interest. For each year, they measure how much expo-
sure to Germany increases the relative propensity to introduce automa-
tion innovations compared with other forms of machinery innovations
relative to 2005. The coefficients bDE,t measure the effect of German expo-
sure that is common to all machinery innovations. Figure 5B reports the
results: the pattern is, if anything, more pronounced than in figure 5A.
To formally test that the Hartz reform created a trend break, we replace

the set of year fixed effects dt in baut
DE � dtki,DE1k5aut in equation (5) with a time

trend t 2 2005 and a time trend interacted with a post-2005 dummy
-
-

-
-

TABLE 10
Automation versus Nonautomation Innovation and Exposure to Germany:

Triple-Difference Exercise

auto95 and pauto95
auto95 and
pauto90

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

Time trend � auto95 dummy � German
exposure � post 21.05*** 21.10*** 21.08*** 21.12***

(.33) (.33) (.33) (.33)
Time trend � auto95 dummy � German
exposure .49*** .46*** .45** .46***

(.18) (.18) (.18) (.18)
Time trend � German exposure � post .31

(.22)
Time trend � German exposure 2.34**

(.15)
Firm innovation stocks �
innovation types No Yes Yes Yes

Year dummy � German exposure Yes Yes No Yes
Industry � year � innovation types fixed
effects Yes Yes Yes Yes

Country � year � innovation types fixed
effects Yes Yes Yes Yes

Firm � innovation types fixed effects Yes Yes Yes Yes
Observations 76,037 76,037 76,037 74,102
Number of firms 5,416 5,416 5,416 5,280
Note.—The table shows that the effect of German exposure is specific to automation
innovations. All regressions control for firm innovation types fixed effects, country � year �
innovation types fixed effects, and industry � year � innovation types fixed effects. Inno
vation types are auto95 and pauto95 in cols. 1–3 and auto95 and pauto90 in col. 4. Col
umns 2–4 control for innovation stocks lagged by two periods interacted with innovation
types dummies. Column 3 controls for a linear time trend times the German exposure in
stead of yearly dummies times the German exposure. Throughout, German exposure is mea
sured by the German weight. Standard errors (in parentheses) are clustered at the firm level.
** Statistically significant at the 5% level.
*** Statistically significant at the 1% level.
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(t 2 2005)t>2005. We focus on the years 2000–2010 to have a panel centered
on 2005 and to avoid the effects of the Great Recession on innovation. Ta-
ble 10 reports the result. Column 2 corresponds exactly to this specifica-
tion. We find a significant time trend in the effect of German exposure
on the relative propensity to innovate in automation between 2000 and
2005. However, the trend sharply reverses in the following 5 years. Col-
umn 1 omits the controls for the stock variables. Column 3 replaces the
flexible set of year dummies timesGerman exposure, dtki,DE, by a time trend
times German exposure and a time trend times German exposure after
2005. Finally, instead of looking at auto95 and pauto95 (i.e., all non-
auto95 machinery innovations) innovation, column 4 considers auto95
andpauto90 innovations (whichweused as thedefault nonautomation in-
novations in table 6). In all cases, the trend break on automation innova-
tions remains with a consistent magnitude. Overall, this section shows
that, in line with our theory, the Hartz reforms reduced automation inno-
vations by foreignfirmshighly exposed toGermany both in absolute terms
and relative to other types of machinery innovation.
VI. Conclusion
In this paper, we identify automation patents and present evidence that
equipment producers innovate more in automation technologies follow-
ing increases in the low-skill labor costs of downstream firms. We develop
a method to classify patents in machinery as automation or not, covering
a broad range of technologies. We then use this classification to measure
the use of automation technology by industry at a highly disaggregated
level and find that our measure of automation predicts a decline in rou-
tine tasks, an increase in the skill ratio, and a decrease in the labor share
across US sectors.
Further, we use our classification to analyze labormarket conditions’ ef-

fect on machinery automation innovations. Using global data and firm-
level variation, we find that automation innovations are highly responsive
to changes in low-skill wages, with elasticities between 2 and 5, while an in-
crease in high-skill wages decreases automation innovations. In contrast,
other innovations in machinery by the same set of firms do not respond
to changes in labor costs. To complement our analysis, we then focus on
two policy-induced labor market shocks. We show that increases in the
minimum wage lead to more automation innovations and that the Hartz
reforms—aimed at reducing the effective cost of low-skill labor—induced
a relative decrease in automation innovations by foreign firms with high
exposure to Germany.
Our results highlight that labor market policies can generate techno-

logical responses, so the long-termeffects of these policiesmay differ from
their short-term effects. Analyzing this feedback loop quantitatively would
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require the development of a macroeconomic model, which could be cal-
ibrated using our estimates. More generally, our estimates can discipline
an emerging literature on automation and economic growth. In addition,
future research could adapt our classification method to automation pat-
ents beyond machinery and analyze how much the emergence of recent
automation technologies forhigh-skill labor, such as artificial intelligence,
results from rising high-skill wages.
Data Availability
Data and code replicating the results in this paper are available inHémous
et al. (2024) in the Harvard Dataverse, https://doi.org/10.7910/DVN
/IMCSW1.
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