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A B S T R A C T

Despite a longstanding interest in the potential substitution of labor and capital, limited empirical evidence
exists regarding the causal relationship between labor supply and the development of labor-saving technologies.
This study examines the impact of exogenous changes in regional labor supply on automation innovation by
leveraging a German immigrant allocation policy during the 1990s and 2000s. The findings reveal that an
increase in the low-skilled workforce reduces automation innovation, as measured by patents. This reduction
is most pronounced for large firms within the manufacturing sector and primarily concerns process-related
automation innovations. This suggests that the effect is channeled through changes in internal demand for
automation innovation. Consistent with a labor scarcity mechanism, the effect is confined to tight labor
markets.
1. Introduction

Are man and machine substitutes? This fundamental question per-
tains to a longstanding theoretical debate regarding the influence of
labor supply on firms’ investments in labor-saving (i.e., automation)
innovation (Habakkuk, 1962; Hicks, 1932). In a recent theoretical
contribution, Acemoglu (2010) suggests that labor scarcity could po-
tentially drive technological progress if new technologies are strongly
labor-saving. Consequently, examining the substitutability between la-
bor and capital becomes particularly relevant in economic sectors
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where automation is both technically feasible and efficiency-enhancing.
Despite this topic’s economic and societal significance, empirical stud-
ies on the response of automation innovation to changes in labor supply
have been limited.

This paper provides empirical evidence on the causal relationship
between regional labor supply and automation innovation. To this
end, we leverage an immigrant allocation policy in Germany, which
provides plausibly exogenous variation in low-skilled labor supply
across labor market regions. Our analysis exploits the immigration
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of approximately 2.5 million ethnic Germans into West Germany fol-
lowing the collapse of the Soviet Union. These new German citizens
predominantly originated from the lower end of the skill distribution
and were willing to take on low-skilled manual jobs. Most West German
states implemented an allocation policy in 1996/97 to achieve a more
balanced distribution of these immigrants across regions. This restricted
the ethnic Germans’ ability to select regions based on their preference
for particular labor market characteristics.

We examine the impact of labor supply on automation innovation
in a difference-in-differences framework. Specifically, we construct a
panel data set at the region-year level and compare how automation
innovation activities evolve across regions as they experience different
changes in labor supply due to the allocation of ethnic Germans. As a
proxy for regional automation innovation activities, we use geocoded
patents filed with the European Patent Office, which we categorize as
either automation or non-automation based on their textual character-
istics (Mann and Püttmann, 2023). To operationalize changes in labor
supply, we measure the cumulative inflow of ethnic Germans during
the allocation period and normalize it by the size of the pre-existing
low-skilled workforce. We find that these inflows significantly affect re-
gional labor market conditions in terms of low-skilled employment and
unemployment growth, in line with much of the established literature
on immigration (e.g., Borjas, 1994; Card, 1990; Dustmann et al., 2008,
2017; Peri and Sparber, 2009). Our identification strategy employs
a spatial approach that captures the total effect of labor supply on
regional automation innovation, similar to previous studies conducted
by Boustan et al. (2010) and Dustmann et al. (2017).

Our results demonstrate that an increase in labor supply reduces
regional automation innovation activities. We observe a transient, neg-
ative effect of low-skilled labor supply on the share of automation
patents. This effect peaks in the fourth year following the introduction
of the allocation policy and then gradually converges toward zero
after that. Our estimates indicate that an increase in the low-skilled
workforce by 10 percent reduces the share of automation patents by
about 3.3 percentage points or about 2.5 automation patents annually
for the average region. In contrast, the number of non-automation
patents remains largely unchanged by the increase in labor supply.
Overall, these findings suggest that treated regions undergo a substan-
tial shift in their direction of technical change. We test the robustness
of these results by varying our choice of estimators, measures, sample
definitions, and additional control variables. All tests corroborate our
causal interpretation.

Why does an increase in labor supply induce a decrease in automa-
tion innovation? Theoretically, this can be explained by adjustments
in firms’ production processes under specific labor market conditions.
Firstly, when labor becomes more abundant or cheaper as a factor
of production, firms have fewer incentives to invest in automation
innovation. This, however, requires that labor and capital are substi-
tutes. Therefore, the impact on automation innovation depends on the
general susceptibility to automation, which should be higher for low-
skilled labor performing routine tasks (Autor et al., 2003; Acemoglu
and Restrepo, 2019). Secondly, the increase in labor supply needs
to change the labor market equilibrium, either in the form of price
adjustments (wages) (Acemoglu, 2010) or quantity adjustments (em-
ployment). Therefore, the impact of an increase in labor supply depends
on the flexibility of wages and the scarcity of labor.

We conduct a series of heterogeneity analyses to provide evidence
on how labor supply affects automation innovation. Indeed, we find
that the effect of labor supply on automation innovation originates
mainly from the manufacturing sector, which traditionally employs
substantial numbers of low-skilled workers performing routine tasks.
Moreover, we find that the effect in the manufacturing sector is con-
centrated among large firms and involves process- instead of product-
related automation innovation. Finally, with respect to labor market
conditions, we find that the effect on automation innovation is confined
2

to regions with a tight labor market, i.e., with a higher labor scarcity. b
These findings underscore that susceptibility to automation, labor cost
considerations within firms, and labor scarcity govern the effect of
increased labor supply on automation innovation.

Our paper makes three contributions. First, we provide empirical
evidence from a contemporary context to the predominantly theoretical
literature on the relationship between relative factor supplies and
technical change (e.g., Acemoglu, 2002, 2007; Hanlon, 2015; Kiley,
1999). The few existing empirical studies on the relationship between
labor supply and innovation concentrate on historical contexts and
remain inconclusive. For instance, San (2023) finds increased invention
activities in the US farming industry due to labor shortages following
the exclusion of Mexican workers in the 1960s. In contrast, Doran
and Yoon (2020) explore the effect of mass immigration in the early
20th century in the US and find that the inflow of low-skilled workers
increases the overall rate of innovation. In light of these conflicting
findings, our study fills a crucial gap by demonstrating that innovation
responses to labor supply primarily involve labor-saving technologies
and are driven, at least within our context, by internal demand for
automation.1

Second, we contribute to the literature on the role of factor en-
dowments in technology adoption (e.g., Zeira, 1998). Previous research
suggests that firms adjust to shifts in labor supply by transitioning to the
most cost-efficient production technologies (e.g., Hanson and Slaugh-
ter, 2002; Dustmann and Glitz, 2015; Zator, 2019). Indeed, several
studies demonstrate that low-skilled labor supply plays a significant
role in explaining firms’ adoption of production technologies (Lewis,
2011; Clemens et al., 2018; Imbert et al., 2019; Monras, 2019). Our
study complements these findings by illustrating that firms not only
adopt but also develop these technologies, as evidenced by their reduced
activity in patenting automation innovations.

Third, a distinguishing feature of our work is the exploration of
the channel through which low-skilled labor supply affects automation
innovation. For one, we find that the effect of labor supply on automa-
tion innovation occurs through increased employment. The finding of
a quantity (rather than wage) adjustment is consistent with Germany’s
robust labor market regulations and aligns with prior literature (Glitz,
2012). By elucidating the employment channel, we complement the
work of Dechezleprêtre et al. (2023), who demonstrate that automa-
tion innovation is sensitive to wage increases, and Acemoglu and
Restrepo (2022), who find higher automation innovation activities
in countries experiencing rapid aging. Moreover, our research sheds
light on the mechanism through a series of heterogeneity analyses
concerning the susceptibility to automation (by studying different eco-
nomic sectors, i.e., manufacturing vs. non-manufacturing), the internal
demand for automation innovation (by investigating firm size and pro-
cess innovation), and the responsiveness of regional labor markets (by
differentiating between tight and slack labor markets). These findings
yield important policy implications for labor market, migration, and
innovation policies, particularly how such policies can be shaped to
account for the interplay between labor supply, market conditions, and
innovation dynamics.

The remainder of this paper is structured as follows: Section 2
describes the institutional background of the quasi-experimental allo-
cation of ethnic Germans in the 1990s and 2000s. Section 3 introduces
the data used in the empirical part of the paper. Section 4 describes
the methodological framework and outlines the identification strat-
egy. Section 5 presents the main results, while Section 6 sheds light
on important margins of heterogeneity. Section 7 discusses policy
implications and concludes.

1 Relatedly, we contribute to the recent literature exploring the impact
f immigration on the overall level of innovation (e.g., Hornung, 2014;
unt and Gauthier-Loiselle, 2010; Kerr et al., 2015). While most previous

tudies have analyzed the effect of high-skilled immigration, our study takes
labor replacement perspective by focusing on the impact of low-skilled

mmigration. By doing so, we expand the understanding of the relationship

etween immigration and innovation dynamics.



Journal of Public Economics 235 (2024) 105136A.M. Danzer et al.

r
i
r
r
o
a
e
1

1

b
s
D
5
2

2. Institutional background:Germany’smigration allocationpolicy

In the following, we briefly outline the migration allocation policy,
which we leverage in our empirical analysis. For a comprehensive insti-
tutional overview and an elaborate discussion with additional empirical
evidence, see Online Appendix A.

After the fall of the Iron Curtain, Germany experienced a massive ex-
pansion of low-skilled labor supply through the permanent resettlement
of ethnic Germans from Eastern Europe (Klose, 1996). Approximately
2.5 million ethnic Germans – around 3.1 percent of Germany’s pop-
ulation and 6.7 percent of its workforce – immigrated between 1990
and 2006 (Bundesverwaltungsamt, 2019).2 Prospective ethnic German
immigrants had to apply for visas at the German embassy in their home
country and provide proof of German ancestry. Successful applicants
were granted entry into Germany and naturalized in the national recep-
tion center, implying that they could immediately take up work (Dietz,
2006; Ohliger, 2008). During the early 1990s, ethnic German inflows
varied considerably across regions, with newly arrived ethnic Ger-
mans constituting 20 percent or more of the population in certain
municipalities (Klose, 1996).

To ensure a more balanced distribution of ethnic Germans across
regions, the government enacted an allocation policy—the Assigned
Place of Residence Act. Most West German federal states introduced
the allocation policy in March 1996, with Lower Saxony following in
April 1997 and Hesse in January 2002. The policy dispersed arriving
ethnic Germans geographically according to exogenously set quotas,
based primarily on tax revenues and population (across states) and on
population and area (across counties within the states).

Following the introduction of the allocation policy, ethnic Ger-
mans lost the ability to choose their destination within Germany, and
their placement ceased to be influenced by labor market considera-
tions (see Glitz, 2012, for more details). Once allocated, ethnic Germans
were bound to reside in their region for at least three years as non-
compliance was heavily sanctioned with the loss of welfare benefits.
Therefore, compliance with the rules was very high (Dietz, 2006), and
the policy was considered successful (Federal Constitutional Court (1
BvR 1266/00, Rn. 1-56)).

The introduction of the allocation policy reduced the heterogene-
ity of inflows across regions relative to the pre-existing population
(Fig. 1). In the pre-allocation period, the distribution of ethnic Ger-
man inflows across regions was highly skewed, with certain regions
systematically attracting a disproportionate number. Especially regions
close to the national reception center (Friedland in Lower Saxony) and
with employment opportunities in manufacturing experienced high in-
flows (Panagiotidis, 2021). The allocation policy substantially reduced
the previous heterogeneity, leading to more balanced per-capita inflows
across regions.

The inflow of ethnic Germans led to a permanent increase in the
egional supply of low-skilled labor : Firstly, ethnic Germans had to stay
n their region for multiple years as their social benefits were tied to
esidential compliance. As their inflow did not displace natives, the
esident population increased almost proportionately (Glitz, 2012). Sec-
ndly, most incoming ethnic Germans were of working age, low-skilled,
nd had prior working experience in manual occupations, such as farm-
rs, laborers, transport workers, operatives, and craft workers (Koller,
993; Bundesverwaltungsamt, 2019).3 As a result, they most often

2 Immigration was subject to annual limits (from 1993: 225,000, from 1999:
00,000).

3 The few formally high-skilled ethnic German migrants faced considerable
arriers to the recognition of their qualifications and experienced significant
kill downgrading (Bauer and Zimmermann, 1997; Eckstein and Weiss, 2004;
anzer and Dietz, 2014). Among the total of ethnic Germans, only up to
0% of their prior occupations were formally recognized (Haug and Sauer,
3

007a). Moreover, ethnic Germans had a reputation for being motivated and
Fig. 1. Distribution of per-capita inflows across regions in the pre-allocation and
allocation period
Notes: The figure illustrates the distribution of regional differences in mean per-capita
inflows in the pre-allocation and the allocation period. Regional differences in the
per-capita inflows are normalized. Horizontal ticks denote the mean, while white dots
denote the median in the respective period. Observations are at the regional level.

found employment in occupations with low skill requirements (Mika
et al., 2010) and low incomes (Piopiunik and Ruhose, 2017).4

The policy-induced allocation of ethnic Germans provides a quasi-
experimental setting, contrasting with the earlier period when ethnic
Germans had the freedom to choose their settlement region. We elab-
orate on the setting’s advantages (and remaining challenges) for our
identification strategy in Section 4.

3. Data

We construct a panel at the region-year level to examine the ef-
fect of regional labor supply on regional innovative activities over
time. Following other studies (e.g., Dustmann and Glitz, 2015; Glitz,
2012; Pischke and Velling, 1997), we choose German labor market
regions (Arbeitsmarktregionen) as our level of observation. This spatial
approach captures the total effect of immigration-induced labor supply
in a given region, taking into account skill downgrading and possible
complementarities across regional skill groups (cf. Dustmann et al.,
2016).

3.1. Sample

Our analysis leverages a balanced panel at the region-year level. The
sample consists of 127 labor market regions with an average population
of about 370,000 in 1995.5 We thereby exclude labor markets in East
Germany due to the extensive adjustment processes following German
reunification. Additionally, we exclude labor markets in Bavaria and
Rhineland-Palatinate. Both states did not implement the allocation
policy and thus lack the disaggregated data necessary for our study.

industrious, making them attractive for low-skilled occupations in the labor-
hungry manufacturing sector (Panagiotidis, 2021). Indeed, ethnic Germans
were predominantly employed as low-skilled workers: 43% against 2% among
natives (Kreyenfeld and Konietzka, 2002).

4 From 1991 to 2002, the share of ethnic Germans migrants with working
experience as well as their overall occupational distribution remained rela-
tively stable, indicating a consistently low-skilled composition across cohorts
(Appendix Figure B-1).

5 For detailed information on the analysis sample, please refer to the Data

Appendix D.1.



Journal of Public Economics 235 (2024) 105136A.M. Danzer et al.

T
p
G
t
i
d
W
r

o
W
(
t
t
A
p
r
(

s
t

a
w
m

s
p
U
o

1
c
o
f
e
a
a

Our panel spans the period from 1991 to 2006, with 2032 observa-
tions at the region-year level. Considering the phased introduction of
the allocation policy, with 76 regions starting in 1996, 34 regions in
1997, and 17 regions in 2002, this ensures a minimum pre-allocation
period of five years for all regions. Appendix Table D-2 details the
state-level implementation. While the policy was in place until 2009,
regional data on ethnic German inflows are only available up to 2006.
After this year, the numbers became negligible.

3.2. Variables

To investigate the impact of regional labor supply on automation
innovation, we integrate data from multiple sources, including infor-
mation on automation patents, ethnic German inflows, and regional
economic conditions.

Automation patents
We measure automation innovation activities using patent data.

Examining innovation and technical change through the lens of patents
is well established in the literature (Comanor and Scherer, 1969;
Griliches, 1998; Aghion et al., 2016). Nonetheless, this approach only
provides insight into an intermediary stage of the innovation process—
a point we revisit in our robustness checks. Moreover, the focus on
patents as a measure of innovation restricts us from making direct
assertions about the effect on actual labor-saving, firm productivity
and, by extension, welfare outcomes.

We consider all patent applications filed at the European Patent
Office (EP patents) with a priority date ranging from 1991 to 2006.6

he reason to focus on EP patents is twofold. Firstly, they provide
rotection across Europe, indicating a higher economic value than
erman national patents. Secondly, EP patents include English descrip-

ions, which are crucial for our approach to measuring automation
nnovation, as we elaborate below. We obtain text and bibliographic
ata on EP patents from the PATSTAT database (2022 Spring Edition).
e use the inventors’ geocoded address information to link patents to

egions.
We classify patents as either automation or non-automation based

n their textual features (see Online Appendix D.2 for technical details).
e thereby draw on the method and the data by Mann and Püttmann

2023).7 In particular, we train a predictive machine learning model
hat uses extracted ‘‘tokens’’ (i.e., stemmed words) from the patents’
ext to determine whether a patent protects an automation technology.
s training data, we use the subset of EP patents with a US counterpart
reviously classified by Mann and Püttmann (2023).8 The classification
esults based on our model closely mirror those of Mann and Püttmann
2023), enabling us to reliably classify all patents in our sample.9

6 The priority date represents the filing date of the initial application
ubmitted to the patent office and offers the most accurate approximation of
he inventive activity’s date (e.g., OECD, 2009).

7 Mann and Püttmann (2023) train a machine learning model to classify
ll US patents between 1976 and 2014 based on 560 randomly drawn patents
hich were manually coded as automation or non-automation. Details on their
anual coding guidelines can be found in their paper’s Online Appendix.
8 Note that while Mann and Püttmann (2023) classified US patents, our

ample contains EP patents. However, a significant number of EP patents are
art of a patent family with a US counterpart, describing identical inventions.
sing the DOCDB patent family definition, we successfully match 41 percent
f our patents to a US counterpart in their dataset.

9 In the overlapping set, our classification differs from theirs in only about
1 percent of cases. To address concerns that differences between the two
lassifications could drive our results, we rerun our analysis using the subset
f EP patents with the original Mann and Püttmann (2023) classification and
ind similar results. For illustrative purposes, Appendix Table D-3 provides two
xamples of classified automation patents along with their complete English
bstracts. The distribution of automation innovation across technology fields
ligns with the common perception of automatability.
4

Using the classification method introduced by Mann and Püttmann
(2023) offers two key advantages. Firstly, their classification has been
validated through positive correlations with conventional measures of
automation, agreement with human assessments, and a strong preva-
lence of automation patents in industries characterized by routine
occupations. Second, Mann and Püttmann (2023) define automation
patents as those that refer to ‘‘a device that carries out a process
independently.’’ This encompasses a range of technologies in differ-
ent manifestations, such as ‘‘a physical machine, a combination of
machines, an algorithm, or a computer program’’, provided these tech-
nologies operate without the need for ongoing human intervention.10

This broad definition of automation patents caters well to our analysis
of the impact of labor supply on automation innovation activities
without a predetermined emphasis on certain sectors or technologies.

The main focus of our analysis is the share of automation patents
relative to all patents within each region and year, which we use as
the dependent variable. A share variable is particularly suitable for
examining changes in the direction of technical change (e.g., Calel and
Dechezleprêtre, 2016). Specifically, a decreasing share would indicate
that innovation is progressing away from automation within a given
overall level of innovation. To supplement our analysis of the direc-
tion of technical change, we also examine the level of innovation by
incorporating count data on the number of (non-)automation patents.

In our heterogeneity analysis, we further distinguish between prod-
uct and process-related automation patents and between patentees of
different firm sizes and industry activities. We classify our patents as
either process- or product-related based on the patent’s claim pream-
ble (see Bena and Simintzi, 2022 and Ganglmair and Reimers, 2019
for similar approaches). Specifically, patents whose claims start with
‘‘A method’’, ‘‘A process’’ or ‘‘A procedure’’ are classified as process
patents, and all others as product patents. To discern patentees based
on firm size and industry activities, we integrate firm-level microdata
(including the number of employees, annual turnover, and sector infor-
mation) obtained from the Orbis Intellectual Property database (Orbis
IP, April 2019).

Ethnic German inflows
We quantify changes to regional labor supply using the inflow of

ethnic Germans into a region during the allocation period, as reported
in official statistics of the federal reception center. Note that these num-
bers comprise central allocation data. No registry on actual residential
take-up exists. In Online Appendix A, we explain why the compliance
with the allocation scheme was very high.

Our preferred measure is the cumulative inflow rate, which we calcu-
late as the cumulative inflow of ethnic Germans during the allocation
period divided by the region’s average stock of the ‘‘low-skilled’’ work-
force during the pre-allocation period. This ‘‘low-skilled’’ workforce
comprises the sum of unskilled manual workers and the unemployed,
jointly accounting for approximately 21 percent of the total workforce.
We select this subset of the total workforce as ethnic Germans were de
facto low-skilled workers, therefore expanding labor supply primarily at
the lower end of the skill distribution.11 Moreover, low-skilled workers
faced by far the greatest risk of unemployment in Germany (IAB, 2019),

10 Note that the criterion of ‘‘independence’’ distinguishes automation from
tools and numerous other manufacturing technologies. It further characterizes
technologies capable of substituting human labor, rather than necessitating it.

11 To determine the unskilled manual workforce, we rely on the occupation-
based classification in the IAB data (Blossfeld, 1987). Non-manual unskilled
occupations (such as services and administrative roles) also exist. However,
we exclude these occupations from our workforce denominator as they were
not highly relevant for or sought after by the ethnic Germans (Haug and Sauer,
2007a; Zimmermann, 2000). We prefer this classification over the education-
based one due to known consistency issues (e.g., Dustmann et al., 2017). That

said, using the education-based classification produces similar results.
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Fig. 2. Distribution of the region-specific cumulative inflow rate
Notes: The figure illustrates the distribution of the region-specific cumulative inflow
rate. The cumulative inflow rate is defined as the cumulative inflow of ethnic Germans
in the allocation period divided by the average stock of the low-skilled workforce during
the pre-allocation period. Observations are at the level of the region. Appendix Figure
B-2 illustrates the geographical distribution of the cumulative inflow rate.

implying numerous transitions between the two groups. In supple-
mentary analyses and robustness checks, we adjust the inflow rate’s
denominator from the ‘‘low-skilled’’ workforce to either the overall
workforce or the population in the region.

The cumulative inflow rate varies across regions (Fig. 2). While the
median of the inflow rate lies between 10 and 15 percent, the variable
ranges from 1 to 25 percent. Note that the cumulative inflow rate
relates the number of ethnic Germans to the low-skilled workforce in-
stead of being based on the distribution criteria of the allocation quota
(population size and tax revenue across states, and different additional
criteria within states).12 Hence, differences in the pre-existing skill
composition across regions provide an important source of variation
in our treatment variable (cf. Glitz, 2012).

Regional characteristics
We supplement the panel data with regional characteristics to assess

the validity of our identification strategy in several robustness tests.
Information on the workforce and the share of unemployed workers
are from the German Employment Office, whereas population size and
gross domestic product (GDP) are from the Working Group Regional
Accounts VGRdL. We complement the data with regional shares of
skill and occupation groups using employment data from the Institute
for Employment Research (IAB) Establishment History Panel. Appendix
Table D-1 provides an overview of regional characteristics and their
sources.

3.3. Descriptive statistics

Table 1 reports summary statistics for the region-year panel data
set. The average regional share of automation patents is 26.9 percent.
While the share of automation patents has risen in nearly all regions
during our window of observation, the extent of this increase varies

12 Additional spatial variation originates from ‘‘included’’ family members,
ifferent internal distribution schemes across states, delayed updating of pop-
lation data for allocation purposes across states, or housing shortages, all of
hich are plausibly unrelated to regional labor market conditions (Brücker and

ahn, 2011; Piopiunik and Ruhose, 2017; Panagiotidis, 2021); see Appendix A
5

or details.
considerably between regions.13 In our heterogeneity analyses, we ex-
amine additional automation share variables, which include subsets of
automation patents, while maintaining the total set of patents as the
denominator. For instance, the share of automation patents is higher in
manufacturing firms as opposed to non-manufacturing ones and is con-
siderably higher in large manufacturing firms compared to their smaller
counterparts.14 There is little difference in this share between process-
nd product-related automation patents. Each region sees, on average,
2.2 patent applications per year. Out of these, 23.7 are automation
atents. The large standard deviations of these variables underline the
onsiderable inter-regional variation in patenting activities.

The mean cumulative inflow of ethnic Germans during the alloca-
ion period is about 3,860 per region. This corresponds to a cumula-
ive inflow rate of 0.124, or 12.4 percent, in relation to the average
ow-skilled workforce, comprising unskilled manual workers and the
nemployed, during the pre-allocation period. Several regional charac-
eristics from the pre-allocation period, such as population size, size of
he workforce, GDP per capita (average 21,000 EUR), and the sector
hare of manufacturing (average 34 percent), suggest considerable
eterogeneity across regions.

. Methodological framework

We estimate the effect of low-skilled labor supply on automation
nnovation in a staggered difference-in-differences (DiD) framework.
ur approach leverages the quasi-exogenous inflows of ethnic Germans
uring the allocation period in two ways. First, as the allocation policy
ollowed a staggered roll-out, regions were treated at different times.
econd, as the change in the low-skilled labor supply varies between
egions, the treatment intensity differs cross-sectionally.

In the following, we discuss our identification strategy, describe the
mpirical models, and provide evidence for the impact of the inflow of
thnic Germans on regional labor markets.

.1. Identification strategy

To clarify our identification strategy, we first outline the ideal
xperiment for examining the effect of low-skilled labor supply on
egional automation innovation. In the ideal experiment, a homoge-
eous group of immobile and employable low-skilled workers would
e randomly distributed across different regions populated by equally
mmobile workers. This would exogenously and permanently increase
he labor supply in certain regions, presumably reducing the local firms’
ncentives to pursue labor-saving automation innovation.

This ideal experiment contrasts reality, where workers typically
ave the freedom to select their region of residence. This self-selection
an introduce a correlation between variation in labor supply and
egional characteristics, such as labor market conditions. If these char-
cteristics also correlate with automation innovation activities, the
esulting endogeneity complicates the estimation of the causal effect
f labor supply on automation innovation.

13 Appendix Figure B-7 displays the annual number of patent applications
related to automation and non-automation between 1991 and 2006 in our
sample. It reveals that automation patents have grown from approximately
1300 per year in 1991 to over 3600 in 2006. Appendix Figure B-8 shows
that patents in the fields of electrical engineering, instruments, and mechanical
engineering primarily drive the increase in the share of automation patents.
Appendix Figure B-9 visualizes the regional distribution of automation patents
across labor market regions during the pre-allocation and allocation periods.

14 We classify firms according to major sector information in Orbis IP, label-
ing firms as manufacturing firms if they are active in machinery, equipment,
furniture, and recycling, and classify them as large if they employ more than
249 employees and report an annual turnover of more than 50 million EUR
(following the classification of the European Commission).
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Table 1
Summary statistics.

Variable Mean Std. Dev. Min Max

Innovation (annual)
Automation patents/patents 0.269 0.152 0.00 1.00
Automation patents/patents (manuf. firms) 0.135 0.120 0.00 0.76
Automation patents/patents (non-manuf. firms) 0.092 0.085 0.00 1.00
Automation patents/patents (small manuf. firms) 0.016 0.031 0.00 0.40
Automation patents/patents (large manuf. firms) 0.117 0.116 0.00 0.75
Automation patents/patents (process, manuf. firms) 0.064 0.074 0.00 0.56
Automation patents/patents (product, manuf. firms) 0.072 0.068 0.00 0.57
Automation patents 23.744 63.122 0.00 893.89
Non-automation patents 48.471 84.893 0.00 1059.10
Patents 72.215 144.501 0.00 1921.30
Citations of automation patents 1.123 1.076 0.00 10.45
Family size of automation patents 5.169 1.957 1.00 28.18
Ethnic German Inflows (in allocation period)
Cumulative inflow rate 0.124 0.060 0.01 0.25
Cumulative inflow ratetotal workforce 0.036 0.017 0.00 0.07
Cumulative inflow 3861.929 4263.494 74.00 32 868.00
Annual inflow 562.462 699.080 0.00 7342.00
Regional Characteristics (average in pre-allocation period)
Low-skilled workforce (in ’000s) 33.217 34.887 6.75 210.21
Unskilled manual workers (in ’000s) 19.695 20.342 3.32 149.73
Unemployed (in ’000s) 13.522 15.607 2.42 93.81
Total workforce (in ’000s) 155.710 181.730 33.00 1138.54
Population (in ’000s) 372.153 414.260 82.84 2611.19
Sector share of manufacturing 0.337 0.100 0.10 0.58
GDP per capita (in ’000s, Euro) 20.872 3.953 12.95 36.11
Wage level (low-skilled workers, daily wage, Euro) 74.582 3.690 66.71 87.39

Notes: Summary statistics are derived from the region-year panel data set (2032 observations). Innovation variables are at the region-year level.
All automation share variables have the entire set of patents as denominator. Cumulative inflow variables are at the regional level and the
annual inflow at the region-year level. Regional characteristics are at the regional level. Monetary values in 1995 Euros. Innovation variables
based on PATSTAT data. See Appendix Table D-1 for definitions and data sources of regional characteristics.
To address the issue of endogenous variation in labor supply, we
everage the introduction of the allocation policy. This policy aligns
ith the ideal experiment in so far as it exogenously allocated a
omogeneous group of readily employable low-skilled individuals to
ifferent regions and restricted their movement by tying social ben-
fits to residential compliance. While the allocation policy addresses
ndogenous sorting into regions, our setting poses two additional chal-
enges for the analysis. First, many ethnic Germans had already been
rriving in the years before the allocation period. These pre-allocation
abor inflows may affect regions in a way that spills over to the
llocation period. Second, while arriving workers were restricted in
heir freedom to move, the natives were not. It is possible that the
rrival of additional workers led to outmigration among the existing
opulation, reducing the net increase in labor supply.

We discuss all three elements – sorting into regions, prior labor
nflows, and the mobility of native workers – and their relevance for
ur quasi-experimental setting in the following.

orting into regions
Before the introduction of the allocation policy, the self-selection

f ethnic Germans can be explained by two main factors: (i) relevant
abor market characteristics and (ii) distance from the port of entry
n Germany. Given their generally low skill levels, ethnic Germans
ere more likely to choose regions abundant in job opportunities

or manual labor. The manufacturing sector held the largest potential
or accommodating low-skilled workers. Hence, regions with a high
revalence of manufacturing jobs were particularly attractive. Indeed,
e find evidence for ethnic Germans systematically choosing regions
ith a high sector share of manufacturing during the pre-allocation
eriod (Fig. 3(a)).15 At the same time, ethnic Germans tended to choose
egions near the national reception center (Panagiotidis, 2021). We

15 These regions were characterized by subpar wages and GDP, yielding a
orrelation between pre-allocation inflows and wages or GDP (Appendix Figure
-4).
6

provide evidence for the geographical bias in the ethnic Germans’
self-selection in Appendix Figure B-3.

The self-selection of ethnic Germans into regions with a high sector
share of manufacturing counteracts the presumed negative effect of
increased labor supply on automation innovation. This is based on
the reasonable assumption that jobs in the manufacturing sector are
characterized by routine manual and routine cognitive tasks, which
are more susceptible to automation (Autor et al., 2003; Acemoglu and
Restrepo, 2019). From this follows that the effect of increased labor
supply on automation innovation should be positively biased in the
pre-allocation period.

The self-selection of ethnic Germans stops during the allocation pe-
riod, equalizing inflows into regions with many vs. few manufacturing
jobs (Fig. 3(b)).16 This removes the described countervailing effect so
that the negative average treatment effect on automation emerges. Note
that even if the allocation policy did not fully eliminate the correlation
between labor inflows and industry structure, we would obtain con-
servative estimates of the true effect. In sum, the quasi-experimental
allocation of ethnic Germans provides regional variations in low-skilled
labor supply, which are plausibly exogenous to confounding regional
characteristics.

16 Furthermore, we find no sorting of ethnic Germans with respect to
innovation or the share of automation innovation after the introduction of
the allocation policy (Appendix Figure B-5). These results are consistent with
earlier studies documenting the exogeneity of regional inflows during the
allocation period with respect to regional conditions of the labor market (Glitz,
2012), crime (Piopiunik and Ruhose, 2017), or the capacity to innovate (Jahn
and Steinhardt, 2016). Moreover, we find no evidence that the few high-skilled
ethnic Germans sorted into certain regions that stand out by their wage level,
GDP per capita, the share of automation patents, or the share of the pre-
existing high-skilled workforce (Appendix Figure B-6 and Appendix Table B-1).
This suggests that the allocation policy also led to a balanced skill composition
of workers across regions.
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Notes: The figure illustrates the relationship between the distribution of per-capita inflows and the sector share of manufacturing in the pre-allocation and the allocation periods.
Regional differences in inflows are normalized. Sector share of manufacturing as of the year 1991. Observations are at the level of the region, aggregated into 40 bins representing
2.5 percentiles each.
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Prior labor inflows
The fact that the allocation policy was enacted only after several

years of high labor inflows might introduce spillovers within regions
across time. The high prior inflows likely created an abundance of
labor in some regions that persisted well into the allocation period. This
abundance, in turn, may reduce firms’ automation innovation activities
even if the region experiences low labor inflows during the allocation
period. Indeed, while the labor inflows before and during the allocation
period are overall uncorrelated, several regions received exceptionally
high labor inflows in the pre-allocation period and relatively low
inflows during the allocation period.17 Consequently, our setting ap-
proximates the ideal experiment when focusing on regions where the
inflows prior to the allocation period are minimal or orthogonal to
the inflows during the allocation period. In Section 5.3, we provide
evidence consistent with such spillovers leading to an underestimation
of the treatment effect.

Mobility of native workers
The allocation policy did not limit the mobility of the native re-

gional workforce. If natives moved out of regions in response to high
labor inflows, the net increase in labor supply would be smaller. Conse-
quently, we would underestimate the labor supply effect on automation
innovation, rendering our estimates conservative. That said, we do
not find that the natives’ mobility increases in response to the ethnic
German inflows. Instead, the population grows proportionately with the
inflows (Appendix Table B-2).18

4.2. Empirical models

We examine automation innovation activities in regions before
and after the staggered introduction of the allocation policy. In our
main specification, the treatment variable is the cumulative inflow rate
(𝐶𝐼𝑅𝑟), which captures the extent to which a region, 𝑟, experiences
a relative increase in labor supply during the allocation period. We
operationalize this treatment variable as the total inflow of ethnic
Germans during the allocation period relative to the average stock of

17 This applies to regions near the port of entry and those having signed
he so-called Gifhorn declaration, demanding a more balanced distribution of
thnic Germans. See Appendix Table A-1 for a list of the ten regions with the
ighest inflows during the pre-allocation period.
18 This result aligns well with prior studies (Glitz, 2012; Pischke and Velling,
997), attributing the lack of displacement to Germany’s relatively generous
7

ocial security system and unemployment benefits.
the low-skilled workforce in the pre-allocation period. As an alternative
to this continuous treatment variable, we use a dummy that indicates
regions with an above-average cumulative inflow rate.

The most flexible specification we implement is a dynamic DiD –
event study – model. This model is particularly suitable for studying
effect dynamics and evaluating the common trend assumption, thereby
validating our research design. To this end, we include interactions
of the cumulative inflow rate, 𝐶𝐼𝑅𝑟, with leads and lags from −5 to
+10 years around the introduction of the allocation policy for a given
region. We further include region fixed effects, 𝛼, and calendar year
fixed effects, 𝛾, to capture time-invariant differences between regions
and common time trends. The specification is as follows:

𝑦𝑟𝑡 =
10
∑

𝑘=−5
𝛽𝑘 𝟏{𝑙𝑟𝑡=𝑘} 𝐶𝐼𝑅𝑟 +

2006
∑

𝑚=1991
𝛾𝑚𝟏{𝑡=𝑚} + 𝛼𝑟 + 𝜖𝑟𝑡. (1)

We normalize the coefficient 𝛽𝑘=−1 to zero and, hence, express the
ynamic treatment effects relative to the last calendar year, 𝑡, before
he introduction of the allocation policy. The coefficients on the leads
nd lags capture the causal effect of the labor inflow relative to this
ear.

We discuss magnitudes and summarize additional results based on
modified specification. Here, we replace the leads and lags with a

inary variable that takes the value of one in the allocation period and
ero otherwise, representing the static DiD model. The coefficient 𝛽𝑝𝑜𝑠𝑡
eports the average effect of labor inflows in the allocation period. This
odified specification is as follows:

𝑟𝑡 = 𝛽𝑝𝑜𝑠𝑡 𝟏{𝑙𝑟𝑡≥0} 𝐶𝐼𝑅𝑟 +
2006
∑

𝑚=1991
𝛾𝑚𝟏{𝑡=𝑚} + 𝛼𝑟 + 𝜖𝑟𝑡. (2)

For the major part of our empirical analysis, the dependent variable
𝑟𝑡 is the annual share of automation patents relative to all patents in
he region.19 As this variable is continuous, we run linear (OLS) re-
ressions. We further examine changes in the level of (non-)automation
atents. As these are count data with a skewed distribution, we estimate
oisson pseudo-maximum-likelihood regressions. We cluster errors, 𝜖,
t the region level to account for correlations within regions over time.
egion-year observations are weighted with pre-determined regional
opulation sizes as of 1991.

19 The dependent variable deserves two clarifications: First, the denominator
remains largely unaffected by the labor supply expansion, as we will show
in Section 5.2. Second, 92 percent of all observations have at least 5 patent
applications, so the dependent variable is not very sensitive to small regions.
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Table 2
Effect of labor inflows on employment and unemployment growth during the allocation period.

(1) (2) (3) (4)
Dep. Var.: Employment growth rate Unempl. growth rate

Total Low-skilled High-skilled

Inflow ratetotal workforce 0.883** 1.880*** 0.175 8.634***
(0.409) (0.677) (0.331) (1.478)

Region fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Observations 1256 1256 1256 1256
R-squared 0.925 0.934 0.885 0.741
Within R-squared 0.002 0.003 0.000 0.029

Notes: The table presents the results of linear regression analyses. The dependent variable is the annual percentage change in
total employment (column 1), low-skilled employment (column 2), high-skilled employment (column 3), and unemployment.
Low-skilled employment encompasses the following occupation classes: unskilled manual workers, unskilled service workers,
and unskilled commercial and administrative workers. High-skilled employment encompasses all other occupation classes. The
continuous treatment variable measures the annual inflow of ethnic Germans relative to the regional workforce in the prior
year. The regressions are estimated at the region-year level and weighted by the regional population in 1991. Standard errors,
clustered at the regional level, are in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
Given the staggered implementation of treatment in our setting,
he comparison between high- and low-inflow regions can be confused
ith that between earlier and later-treated regions. In other words,
ffects from other periods may contaminate the estimated treatment
oefficients. We therefore compare the dynamic treatment effects of
ur baseline model to those of several alternative estimation techniques
hat take the timing of treatment into account.

.3. Labor market mechanism

Before turning to our main analysis, we explore how ethnic German
nflows affect regional labor market conditions.

For this purpose, we regress the annual growth rates in regional em-
loyment and unemployment on the regional inflow of ethnic Germans
uring the allocation period. In contrast to our main specifications, we
ake the annual inflows divided by the lagged total workforce as our
reatment variable. This way, we can measure the immediate absorp-
ion of readily employable ethnic Germans in the labor market across
ll skill groups in the allocation period. We distinguish between total
mployment, employment in low-skilled occupations, and employment
n high-skilled (i.e., not low-skilled) occupations.20

We find a substantial effect of ethnic inflows on regional employ-
ent and unemployment (Table 2). The inflow rate has a positive

nd nearly proportional effect on the total employment growth rate
column 1). A closer look at skill-specific groups shows that this effect
s exclusively driven by growth in low-skilled employment (column 2).
n contrast, high-skilled employment seems largely unaffected by these
mmigrant inflows (column 3). This discrepancy in employment growth
cross different skill levels aligns with the fact that the majority of
thnic Germans are low-skilled workers. The inflow rate also positively
ffects the unemployment growth rate (column 4). In other words,
thnic Germans increase the pool of job-seeking workers from which
irms can hire. These findings support a direct effect of ethnic German
nflows on regional labor market conditions. They further justify our
ecision to express the inflow rate as the ratio of ethnic Germans to
he low-skilled workforce, including the unemployed.

Notably, we find no evidence of any systematic effect of ethnic
nflows on wages (Appendix Table B-3). This result aligns with the prior
iterature (Glitz, 2012) and the comparatively inflexible German labor
arket characterized by strict regulation and powerful unions.21 These

20 The low-skilled occupation classes are labeled in the IAB data as follows:
nskilled manual workers, unskilled service workers, and unskilled commercial
nd administrative workers.
21 For example, the coverage of collective bargaining in Germany ex-
eeded 80 percent in 1990 and 68 percent in 2000 (OECD, 2004). The
8

evel of unionization is substantially higher in Germany compared to the
particular dynamics of the German labor market imply that our study
does not directly test Acemoglu’s (2010) theory, where increased labor
supply affects automation innovation by reducing wages.

5. Main results

In the following, we present our findings related to the effect of
labor supply on automation innovation. We begin by examining the
effect on the share of automation patents (Section 5.1), then move to
the effect on the number of automation and non-automation patents
(Section 5.2). In addition, we summarize various robustness checks
(Section 5.3).

5.1. Effect on the share of automation patents

We find a negative effect of low-skilled labor supply on the regional
share of automation patents. Fig. 4(a) presents the estimated lead
and lag effects in a model with continuous treatment. The inflow
rate exerts a significant negative effect in the years following the
introduction of the allocation policy. These effects are not immediate
but materialize over time, peaking in the fourth treatment year.22

Moreover, the estimates converge towards zero from the fifth year
of the allocation period onward, suggesting that the negative effect
on the share of automation innovation may be only transient.23 The
coefficients in the pre-allocation period are insignificant and fluctuate
around zero, supporting the common trend assumption and underlining
the exogeneity of the ethnic German inflows. Consistent results are
observed in Fig. 4(b), which presents the corresponding lead and lag
effects in a model with binary treatment.

Table 3 presents the static DiD effects during the allocation period,
featuring continuous and binary treatment as well as specifications
without and with region fixed effects. We interact the treatment vari-
ables with a dummy for the allocation period. We find significant
negative effects on the share of automation patents across all four spec-
ifications. The magnitude of the estimated coefficient in our preferred
specification, featuring continuous treatment along with region and
calendar year fixed effects (column 2), equals −0.325. This suggests that

US, where collective bargaining coverage was only 14 percent in 2000.
Accordingly, D’Amuri et al. (2010) and Dustmann and Glitz (2015) find little
to no effect of immigration on wages in Germany in the 1990s.

22 Given the typical duration between R&D investments and patent filing, a
delay in the automation innovation response is plausible. A large-scale inventor
survey indicates that approximately 80 percent of R&D projects last two years,
from project start to patent filing (Walsh and Nagaoka, 2009).

23 It is worth noting that the annual inflows were continuously decreasing

during the allocation period.
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Fig. 4. Effect of labor inflows on the share of automation patents – event study with continuous and binary treatment
Notes: The figure displays event study estimates and the 95 percent confidence intervals based on linear regressions as specified in Eq. (1). In both panels, the dependent variable
s the share of automation patents. In panel (a), the treatment variable is continuous: the cumulative inflow rate during the allocation period, interacted with leads and lags. In
anel (b), the treatment variable is binary: a dummy indicating regions with above-average cumulative inflows of ethnic Germans during the allocation period, interacted with
eads and lags. The time dummies indicate that the allocation policy is introduced 𝑙 years away, with 𝑙 ∈ {−5; +10}. The coefficient for 𝑙 = −1 is normalized to zero. Region and

time fixed effects included. Standard errors clustered at the regional level. The coefficients correspond to those reported in Appendix Tables B-4 and B-5.
increasing the low-skilled workforce by 10 percent lowers the share of
automation patents by about 3.3 percentage points, corresponding to
an economically sizable reduction of about 2.5 automation patents for
the average region.24

Overall, these results suggest that an exogenous increase in low-
skilled labor supply significantly shifts the direction of technical change
away from automation innovation.

5.2. Effect on the number of (non-)automation patents

We complement our analysis of the share of automation patents
by examining the number of (non)-automation patents. In doing so,
we adhere to our preferred event study specification with continuous
treatment but substitute the share of automation patents with two al-
ternative outcomes: the number of automation patents and the number
of non-automation patents, each per region and year. Given the count

24 San (2023) documents that a 10% decrease in labor supply in the 1960s
S farming industry leads to 1.3 more patents related to affected crops. Given
ermany’s high patent and innovation intensity in manufacturing in the late
990s and early 2000s, it is not surprising that our effect size is larger.
omparisons to other (contemporary) studies are not straightforward, as these
9

tudies use variation in wages as treatment.
nature of these two variables, we utilize Poisson pseudo-maximum-
likelihood instead of OLS regressions.

We find a substantial and statistically significant negative effect of
labor supply on the number of automation patents (Fig. 5(a)). The
peak effect occurs in the fourth year of the allocation period, mirroring
the dynamics we observe regarding the share of automation patents.
Conversely, we do not detect any negative effect of labor supply on the
number of non-automation patents (Fig. 5(b)). This suggests that non-
automation innovation did not adapt to regional labor supply changes.
For both outcomes, the estimates in the pre-allocation period are sta-
tistically insignificant and hover near zero, reinforcing the validity of
our research design.25

These results corroborate the idea that regional labor supply affects
the direction of technical change. They align with theoretical predic-
tions suggesting that labor scarcity stimulates labor-saving innovation
while labor abundance discourages it. Conversely, the lack of an effect
of labor supply on non-automation innovation counters alternative
explanations. Most importantly, it speaks against the notion that the

25 We find highly consistent results when applying the model with binary
treatment (Appendix Figure B-10). For completeness, we also investigate the
effect of labor supply on the total number of patents per region and year and
find a small negative effect statistically indistinguishable from zero (Appendix
Figure B-11).
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Table 3
Effect of labor inflows on the share of automation patents – DiD with continuous and binary treatment.

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

Dep. Var.: Automation patents/patents

Cum. inflow rate × Allocationt≥0 −0.381** −0.325**
(0.156) (0.150)

1(Cum. inflow rate>p50) × Allocationt≥0 −0.044** −0.042**
(0.018) (0.018)

Region fixed effects No Yes No Yes
Year fixed effects Yes Yes Yes Yes

Observations 2029 2029 2029 2029
R-squared 0.110 0.681 0.110 0.682
Within R-squared 0.008 0.012 0.008 0.015
Dep. Var. mean 0.269 0.269 0.269 0.269

Notes: The table presents the results of linear regression analyses as defined in Eq. (2). The dependent variable is the share
of automation patents. In columns (1) and (2), the treatment variable is continuous: the cumulative inflow rate during the
allocation period, interacted with a dummy (Allocationt≥0) that indicates whether the allocation policy was introduced in that
year or earlier. In columns (3) and (4), the treatment variable is binary: a dummy indicating regions with above-average
cumulative inflows of ethnic Germans during the allocation period, interacted with a dummy (Allocationt≥0) that indicates
whether the allocation policy was introduced in that year or earlier. The regressions are estimated at the region-year level and
weighted by the regional population in 1991. Standard errors, clustered at the regional level, are in parentheses. Significance
levels: * p<0.10, ** p<0.05, *** p<0.01.
Fig. 5. Effect of labor inflows on (non-)automation patents – event study with continuous treatment
Notes: The figure displays event study estimates and the 95 percent confidence intervals based on Poisson pseudo-maximum-likelihood regressions as specified in Eq. (1). The
dependent variable in panel (a) is the count of automation patents. The dependent variable in panel (b) is the count of non-automation patents. In both panels, the treatment
variable is continuous: the cumulative inflow rate during the allocation period, interacted with leads and lags. The time dummies indicate that the allocation policy is introduced
𝑙 years away, with 𝑙 ∈ {−5; +10}. The coefficient for 𝑙 = −1 is normalized to zero. The coefficients can be interpreted as semi-elasticities. Region and time fixed effects included.
Standard errors clustered at the regional level. The coefficients correspond to those reported in Appendix Table B-6.
innovation response is driven by increased product demand due to
expanded market size (cf. Peters, 2022). Lastly, these results mitigate
concerns about the potential sensitivity of results when the outcome
variable is the share of automation patents.

5.3. Robustness

We evaluate the robustness of our results by varying the choice
of estimation techniques, measures, sample definitions, and control
variables. Additionally, we explore whether our findings can alter-
natively be explained by a shift in patenting behavior rather than
automation. Finally, we run our analysis based on the endogenous
labor inflows from the pre-allocation period. We summarize the results
in the following and present the corresponding Figures and Tables in
Appendix C.

Alternative measures of automation innovation (Appendix C.1)
We replicate our main results with different classifications of au-

tomation and non-automation patents. First, we use the original clas-
sification by Mann and Püttmann (2023). Despite missing information
for almost half of the EP patents in our data, we find a similar effect
of labor supply on the share of automation patents. Second, we use a
keyword-based classification as a transparent and hands-on alternative
to approaches using machine learning. For this classification, we label
a patent as automation if its text contains keywords that likely indicate
10
automation (e.g., ‘automat’, ‘execut’, or ‘detect’). The results from using
automation patents classified with different sets of automation-related
keywords align closely with our main results.

Alternative operationalizations of the cumulative inflow rate (Appendix C.2)
We find consistent results when operationalizing the cumulative

inflow rate differently. In particular, we can exclude high-skilled ethnic
Germans from the inflow rate’s numerator, use an education-based
definition of the low-skilled workforce, and substitute the mean low-
skilled workforce with that in 1991 or the last year of the pre-allocation
period. Likewise, by normalizing the inflows with the regional pop-
ulation instead of the low-skilled workforce, we obtain similar labor
supply effects on automation innovation. Lastly, our results are robust
to winsorizing the cumulative inflow rate at the 5th (95th) percentile.

Accounting for pre-allocation labor inflows (Appendix C.3)
During the pre-allocation period, several regions received high la-

bor inflows, whose effect on the labor market and firms’ automation
innovation activities may spill over to the allocation period. Through
several robustness checks, we seek to isolate the actual treatment effect
of the exogenous labor inflows in the allocation period on automation
innovation. First, we include an interaction between the pre-allocation
cumulative inflow rate and the policy dummy as additional controls.
Our results on the effect of labor supply on automation innovation
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remain unchanged. Second, we run three sets of subsample analyses ex-
cluding either regions with high pre-allocation cumulative inflow rates,
regions near the Friedland reception center, or regions that previously
signed the Gifhorn declaration demanding a more even distribution of
ethnic Germans across regions. Indeed, we obtain significantly larger
effects on automation innovation when focusing on subsamples of
regions with presumably low spillovers from the pre-allocation period.
This confirms our presumption that pre-allocation inflows render our
results conservative.

Accounting for relative change in labor inflows (Appendix C.4)
For many regions, the introduction of the allocation policy led to a

relative change in the region-specific cumulative inflow rate from the
pre-allocation to the allocation period. Almost half of all regions experi-
enced a positive change, reflecting a higher inflow rate in the allocation
period than before. At the same time, several regions experienced a
substantial reduction in the inflow rate relative to the pre-allocation
period. We find stronger effects of labor supply on automation when
focusing on regions for which the introduction of the allocation policy
increased the inflow rate.

Accounting for other concurrent labor inflows (Appendix C.5)
In addition to the inflow of ethnic Germans, there was substantial

internal migration from the Former GDR (i.e., East Germany) to West
German regions (Glitz, 2006), along with other native and foreign
inflows (Amior and Stuhler, 2022). We add these concurrent labor
inflows as control variables to our main specification and find our
results unchanged.

Accounting for differences in industry and skill composition (Appendix C.6)
Our results on the labor supply effect on automation innovation are

robust to controlling for the pre-existing regional industry structure
and skill composition. We introduce industry composition – divided
into six categories – either by extrapolating trends in industry shares
from the pre-allocation period or by interacting averaged pre-allocation
industry shares with year dummies. Similarly, using the same approach,
we account for skill composition—broken down into high, medium, and
low skill levels. Including these variables does not change our findings
regarding the effect of labor supply on automation patents.

Alternative estimation techniques (Appendix C.7)
The staggered implementation of the allocation policy could po-

tentially bias our estimates as regions that introduced the policy in
later years serve as controls for regions that introduced the policy
early on. We employ several recently developed estimation techniques
that are immune to such biases. More specifically, we show robustness
to the methods introduced by Borusyak et al. (2021), Callaway and
Sant’Anna (2021), De Chaisemartin and d’Haultfoeuille (2020), and Sun
and Abraham (2021). The direction, magnitude, and transitory nature
of the labor supply effect on the share of automation patents are
consistently observed across all methods.

Alternative sample definitions and subsample analysis (Appendix C.8)
The regions in our sample exhibit substantial variation in their

innovative activities, prompting us to test whether extreme cases drive
our results. Our findings remain consistent after excluding regions
with a patent count below the 10th or beyond the 90th percentile
in 1991. Moreover, German states employed slightly different criteria
for allocating ethnic Germans across regions (for instance, based on
population versus a combination of population and area) and intro-
duced the policy at different times. To assess whether our findings
hinge on the allocation practices of a particular state, we examine
subsamples with the regions of a given state excluded. The effect of
labor supply on automation patents persists in all subsamples. Finally,
we find our results robust to alternative sample weights, using GDP
instead of population.
11
Examining changes in patent quality (Appendix C.9)
The observed decline in automation patents might be attributed to

firms either reducing R&D investments in automation innovation or
decreasing their tendency to file patents on a given set of automa-
tion innovations. Both responses lead to a decrease in the number of
patents but are likely to have distinct impacts on patent quality. A
cutback on R&D likely results in fewer innovations across all quality
levels without affecting average patent quality. In contrast, a change
in patenting behavior likely increases average patent quality as cost-
saving considerations will disproportionately reduce the patenting of
low-quality inventions. We proxy patent quality with two established
bibliographic indicators: the number of citations and the patent family
size (Harhoff et al., 2003). We find no consistently positive effect on
these two proxies, suggesting that the reduction in automation patents
more likely reflects firm responses at the innovation margin rather than
a change in patenting behavior.

Analysis based on pre-allocation labor inflows (Appendix C.10)
The implementation of the allocation policy transitioned the expan-

sion of labor supply from being endogenous to exogenous. As argued
above, the endogenous self-selection of ethnic Germans likely biases
the negative effect on automation innovation upwards, effectively di-
minishing the true effect towards zero. A direct implication is that the
effect on automation patents should be weaker without the exogenous
treatment. To test this, we extrapolate the endogenous (pre-allocation)
inflows into the allocation period. We find a substantial decrease in
the effect of labor supply on the share of automation patents, with the
effect’s magnitude reduced by around 60 percent.

6. Heterogeneity results

In this section, we investigate the extent to which the labor sup-
ply effect varies between sectors, firms and labor market conditions.
We thereby provide evidence on how changes in labor supply af-
fect automation innovation within our study’s context. First, we test
the automation susceptibility with respect to manufacturing vs. non-
manufacturing industries, as Acemoglu (2010) suggests that automata-
bility depends on the marginal product of labor; second, we test
whether labor supply specifically affects large firms and process in-
novations, which would be indicative of the source of demand for
innovation; third, we test the effect responsiveness with respect to labor
market tightness.

6.1. Susceptibility to automation innovation

The effect of labor supply on automation innovation hinges on
an industry’s susceptibility to automation, which reflects labor substi-
tutability and technical feasibility (Acemoglu, 2010). Manufacturing
industries, such as Germany’s automotive sector, involve scalable pro-
cesses primarily consisting of routine manual tasks, which were already
automatable in the 1990s and 2000s (Autor et al., 2003; de Vries et al.,
2020). Such industries are thus more prone to automation innovation
than others (Acemoglu and Restrepo, 2019).

We assess the automation innovation response to labor supply by
firms in manufacturing vs. non-manufacturing industries by running
separate regressions with the share of automation patents from each
subgroup as the dependent variable. That is, the average share of
automation patents by manufacturing firms corresponds to the regional
number of automation patents by manufacturing firms divided by the
total number of patents.

The overall reduction in the share of automation patents is primarily
driven by the negative response of manufacturing firms (Table 4).
Conversely, the negative response from non-manufacturing firms is con-
siderably weaker and statistically insignificant. Notably, manufacturing
firms have an almost 50 percent larger share of automation patents
than non-manufacturing ones, which supports the view that they are
more prone to and active in automation innovation. Yet, even when
accounting for these differences in the share of automation patents, the
response from non-manufacturing firms remains noticeably weaker.
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Table 4
Effect of labor inflows on the share of automation patents by (non-)manufacturing firms – DiD with continuous treatment.

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

Dep. Var.: Automation patents/patents

Non-manufacturing firms Manufacturing firms

Cum. inflow rate × Allocationt≥0 0.012 −0.051 −0.423*** −0.310**
(0.136) (0.130) (0.151) (0.130)

Region fixed effects No Yes No Yes
Year fixed effects Yes Yes Yes Yes

Observations 2029 2029 2029 2029
R-squared 0.031 0.394 0.199 0.722
Within R-squared 0.009 0.001 0.023 0.019
Dep. Var. mean 0.092 0.092 0.135 0.135

Notes: The table presents the results of linear regression analyses as defined in Eq. (2). The dependent variable is the share
of automation patents held by non-manufacturing firms in columns (1) and (2), and the share of automation patents held by
manufacturing firms in columns (3) and (4). The classification in (non-)manufacturing is based on the respective firm’s major
sector code, as reported in ORBIS IP. In all columns, the treatment variable is continuous: the cumulative inflow rate during
the allocation period, interacted with a dummy (Allocationt≥0) that indicates whether the allocation policy was introduced in
that year or earlier. The regressions are estimated at the region-year level and weighted by the regional population in 1991.
Standard errors, clustered at the regional level, are in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
6.2. Demand for automation innovation

Conceptually, the decrease in the share of automation innovation
could be a response to reduced internal demand (originating within
the innovating firm) or external demand (from other firms). Previous
studies indicate that low-skilled labor supply influences firms’ decisions
to adopt new production technologies from external providers (Clemens
et al., 2018; Monras, 2019). However, product markets are seldom
regional, weakening the link between regional changes in labor supply
and external demand for automation innovation. Hence, we consider
internal demand as the more plausible channel in our context.

Since we lack data on the demand for automation technologies,
we seek indirect evidence to investigate this relation. First, we exploit
that firms of different sizes likely vary in their internal vs. external
demand orientations. Second, we leverage that process-related automa-
tion patents (e.g., a new automated process) should be more pertinent
for internal use than product-related automation patents (e.g., a new
industrial robot).

Small vs. large firms
We investigate the responsiveness of innovators of various sizes

to the labor supply increase. More specifically, if the decline in au-
tomation innovation is driven by internal demand, we anticipate that
large manufacturing firms would be more responsive to changes in
regional labor supply. These large firms tend to be more vertically
integrated (doing both R&D and production), employ more low-skilled
workers, and have a greater potential for incorporating automation into
their production processes. Conversely, smaller firms are thought to
be more attuned to external demand for automation inventions, often
developing technologies for commercialization.

We assess the automation innovation response to labor supply by
small and large manufacturing firms by running separate regressions
with the share of automation patents held by either small (and medium-
sized) manufacturing firms or large manufacturing firms.

We find that the effect of labor supply on automation innovation is
driven by the response of large manufacturing firms (Table 5, columns
1 and 2). The strong negative effect among large firms likely reflects
cost incentives for vertically integrated innovators with a large stock
of low-skilled workers. The response of small manufacturing firms is
close to zero and statistically insignificant. We conclude that – at least
in our context – internal demand for automation technologies plays an
12

important role in firms’ decisions to invest in automation innovation.
Process vs. product innovations
To support the argument that the response in automation inno-

vation is driven by internal vs. external demand, we further inves-
tigate whether the reduction in automation patents relates to pro-
cess or product innovations. Whereas process innovations mostly re-
flect internal use, product innovations predominantly reflect market
activities (Klepper, 1996).

We test this empirically by distinguishing between process-related
and product-related automation patents. The effects of ethnic German
inflows on both types of automation patents are presented in Table 5,
columns 3 and 4. The share of process-related automation patents reacts
more strongly to the increase in labor supply than the share of product-
related automation patents. As before, this heterogeneity result suggests
that internal demand drives the automation innovation responses of
firms.26

6.3. Responsiveness of automation innovation to labormarket tightness

The effect of labor supply on automation innovation can occur
through price adjustments (wages) or quantity adjustments (employ-
ment). Our findings in Section 4.3 indicate that the predominant adjust-
ment in the German labor market did not occur at the wage margin. We
therefore explore whether the effect on automation innovation depends
on the labor markets’ responsiveness along the quantity dimension. In
particular, we expect that the effect of an increase in labor supply is
stronger in regions where firms invest in automation innovation due to
a scarcity of workers available (or willing) to undertake manual jobs.27

We examine whether the effect on the share of automation patents
is stronger in regions with a high labor scarcity. To this end, we
distinguish in our analysis between regions with tight and slack labor

26 Note that firms may refrain from patenting process-related automation
innovations intended for internal use and instead decide to avoid misappro-
priation through secrecy (cf. Hall et al., 2014; Ganglmair and Reimers, 2019).
Consequently, selection into patenting may lead to an underestimation of the
true effect on process-related automation innovations.

27 The historical evidence suggests that labor scarcity in the regional labor
market played a crucial role in the integration of ethnic Germans into the labor
market (Haug and Sauer, 2007b). Indeed, ethnic Germans were industrious
and willing to take up low-skilled jobs that native Germans were reluctant
to perform (Haug and Sauer, 2007b). The co-existence of unemployment and
labor scarcity was a characteristic feature of the German labor market during
that period, where market frictions such as low inter-regional mobility or job
transition rates contributed to its ’sclerotic’ nature (Blanchard and Summers,
1986; Gartner et al., 2012).
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Table 5
Effect of labor inflows on the share of automation patents by firm and patent characteristics – DiD with continuous treatment.

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

Dep. Var.: Automation patents/patents (manuf. firms)

Small firms Large firms Non-process pat. Process pat.

Cum. inflow rate × Allocationt≥0 −0.026 −0.263* −0.144 −0.166**
(0.027) (0.135) (0.092) (0.065)

Region fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Observations 2029 2029 2029 2029
R-squared 0.196 0.743 0.555 0.649
Within R-squared 0.001 0.016 0.008 0.016
Dep. Var. mean 0.016 0.117 0.072 0.064

Notes: The table presents the results of linear regression analyses as defined in Eq. (2). The dependent variable is the
share of automation patents held by small manufacturing firms in column (1), the share of automation patents held by
large manufacturing firms in column (2), the share of product-related automation patents held by manufacturing firms in
column (3), and the share of process-related automation patents held by manufacturing firms in column (4). Firm size follows
the classification of the European Commission for small and medium-sized enterprises (max. 249 employees and max. 50
million EUR annual turnover). The distinction between process and product patents is text-based and follows Ganglmair and
Reimers (2019). In all columns, the treatment variable is continuous: the cumulative inflow rate during the allocation period,
interacted with a dummy (Allocationt≥0) that indicates whether the allocation policy was introduced in that year or earlier.
The regressions are estimated at the region-year level and weighted by the regional population in 1991. Standard errors,
clustered at the regional level, are in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
Fig. 6. Effect of labor inflows on the share of automation patents in slack and tight labor market regions – event study with continuous treatment
Notes: The figure displays event study estimates and the 95 percent confidence intervals based on a linear regression as specified in Eq. (1). In both panels, the dependent variable
s the share of automation patents held by manufacturing firms, and the treatment variable is continuous: the cumulative inflow rate during the allocation period, interacted with
eads and lags. We introduce further interactions with a binary variable that indicates regions with a tight labor market: an unemployment rate in the last pre-allocation year
igher than the median rate. The estimates in panel (a) present the baseline coefficients (with the additional interaction being zero). The estimates in panel (b) present the sum
f the baseline and interaction coefficients indicating regions with a tight labor market. The time dummies indicate that the allocation policy is introduced 𝑙 years away, with

𝑙 ∈ {−5;+10}. The coefficient for 𝑙 = −1 is normalized to zero. Region and time fixed effects included. Standard errors clustered at the regional level. The coefficients correspond
to those reported in Appendix Table B-12.
markets defined by the region’s unemployment rate. More specifically,
we split the sample at the median unemployment rate in the last pre-
allocation year. For each subsample, we then separately estimate the
dynamic effects of labor supply on the share of automation patents held
by manufacturing firms. We repeat this split-sample approach with the
static DiD model and further conduct an analysis using the full sample,
introducing an interaction term between the treatment variable and a
dummy indicating regions with tight labor markets.

The event study estimates reveal a strong negative labor supply
effect on the share of automation patents in tight labor market regions
(Fig. 6(b)). In contrast, we observe no discernible effect in slack labor
market regions (Fig. 6(a)). This heterogeneity is confirmed by the
coefficients from static DiD models with continuous treatment (Ta-
ble 6). Similarly, we find that high-wage regions are more responsive
to labor supply inflows than low-wage regions (Appendix Table B-
14). This suggests that labor inflows have a greater marginal effect on
automation innovation in regions where they alleviate labor scarcity
constraints.

In conclusion, our findings suggest that the effect of labor supply
on automation innovation depends on several factors. In our context,
these include the economic sector’s susceptibility to automation, firms’
capacity to implement automation internally, and the regional labor
market tightness.
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7. Discussion and concluding remarks

By exploiting the allocation of ethnic German immigrants across
German regions, we analyze the effect of a plausibly exogenous ex-
pansion of low-skilled labor supply on automation innovation. We find
that an increase in the low-skilled workforce reduces the number of
automation patents in relative and absolute terms. While labor inflows
raise employment immediately, their discouraging effect on automation
patents peaks only in the fourth year after treatment. The average treat-
ment effect conceals substantial heterogeneity: the effect is stronger for
automation patents in the manufacturing sector, for automation patents
held by large manufacturing firms, and for automation patents that
relate to processes and not products. Lastly, the effect is confined to
regions with tight labor markets, where additional labor supply relaxes
production constraints. These findings suggest that the effect of labor
supply on automation innovation is governed by firms’ susceptibility to
automation, their internal labor cost considerations, and labor scarcity.

Our study’s quasi-experimental setting supports the causal inter-
pretation and, hence, the internal validity of our estimates. However,
the unique circumstances of Germany’s allocation policy for ethnic
Germans may limit the extent to which our findings generalize to
other settings. Several elements of the German context – the permanent
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Table 6
Effect of labor inflows on the share of automation patents in slack and tight labor market regions – DiD with
continuous treatment.

(1) (2) (3)
Dep. Var.: Automation patents/patents (manuf. firms)

Labor markets: Slack Tight All

Cum. inflow rate × Allocationt≥0 −0.082 −0.438** −0.098
(0.162) (0.189) (0.156)

Cum. inflow rate × Allocationt≥0 × Tight labor market −0.326
(0.227)

Region fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Observations 1021 1008 2029
R-squared 0.688 0.755 0.724
Within R-squared 0.001 0.051 0.024
Dep. Var. mean 0.135 0.135 0.135

Notes: The table presents the results of linear regression analyses as defined in Eq. (2). In all columns, the dependent
variable is the share of automation patents held by manufacturing firms, and the treatment variable is continuous: the
cumulative inflow rate during the allocation period, interacted with a dummy (Allocationt≥0) that indicates whether
the allocation policy was introduced in that year or earlier. The sample in column (1) consists of ‘‘slack labor market’’
regions with an unemployment rate in the last pre-allocation year that is lower or equal to the median rate. The
sample in column (2) consists of ‘‘tight labor market’’ regions with an unemployment rate in the last pre-allocation
year that is above the median rate. In column (3), we use the full sample but introduce a further interaction of the
treatment variable with a dummy that indicates ‘‘tight labor market’’ regions. The regressions are estimated at the
region-year level and weighted by the regional population in 1991. Standard errors, clustered at the regional level,
are in parentheses. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.
settlement of ethnic Germans who were close substitutes to native
workers, a large and productive manufacturing sector susceptible to
automation, and internationally competitive labor unit costs in man-
ufacturing (Dustmann et al., 2014) – may not be directly transferable
to other settings. Bearing this caveat in mind, our findings imply that
governments can influence (regional) innovation activities by steer-
ing labor supply, for example, through specific migration policies.
This insight is pertinent, as many countries face serious demographic
challenges like population aging and immigration.

More broadly, our findings have valuable implications for policy-
making across three key domains: labor markets, migration, and inno-
vation. Firstly, our results address labor market policies by revealing
the spillover effects of low-skilled labor supply on regional innovation
activities. Adjustments in automation innovation can influence the
demand for and relative remuneration of input factors in an economy,
with consequences for social inequality. A reduction in automation in-
novation shifts the available technologies towards more labor-intensive
production, leading firms to hire more workers for automatable jobs.
This results in a feedback loop where a greater low-skilled labor supply
can shield low-skilled workers from being replaced by machines. On the
one hand, this finding bears relevance for the design of labor market
institutions. Countries with strict labor market regulations may wish
to shield workers from technology-induced disruptions. Our findings
from Germany suggest that such regulation does not disable the ef-
fect of labor supply on automation innovation even when wages are
strongly regulated. On the other hand, this finding is also informative
in the domain of immigration policies. The labor-preserving impact of
reduced automation innovation originating from large-scale immigra-
tion can partially offset the elevated direct labor market competition
experienced by native workers. This dynamic can dampen the effects
of immigration on wages and employment in the medium and long
term. This indirect labor market consequence of immigration has so far
received little attention in the literature (cf. Borjas, 1994; Edo, 2019).

Secondly, we provide a direct evaluation of the innovation impact of
a migrant allocation policy. Many countries express concerns about the
residential concentration of migrants, as it can lead to segregation and
the formation of ethnic enclaves. Research has demonstrated that such
enclaves hinder language acquisition (Danzer and Yaman, 2016; Danzer
et al., 2022) and may foster distinct welfare cultures (Bertrand et al.,
2000). In response, some governments have implemented allocation
policies, such as residential dispersal (e.g., Sweden, Denmark) or school
busing dispersal (e.g., the US). As the empirical evidence regarding
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these policies’ direct labor market effects remains mixed (Damm, 2009;
Glitz, 2012), it is worth considering an evaluation of such policies
also in terms of their effects on innovation and productivity. Indeed,
our research informs policymakers grappling with the delicate bal-
ance between immigration and labor market policies (Facchini and
Steinhardt, 2011) by shedding light on such secondary effects of place-
ment policies: increasing the supply of low-skilled labor, the allocation
policy had the – presumably unintended – effect of eroding firms’
incentives to automate production. However, predicting the direct
and indirect effects of placement policies is complex, especially when
counterfactual scenarios are poorly understood. For instance, endoge-
nous sorting of migrants may actually enhance productivity through
agglomeration effects (Peters, 2022), depending on the specific pattern
of self-selection.

Thirdly, our research also contributes to the realm of innovation
policy. The interplay between technological progress and the labor
market has garnered significant public and political attention, par-
ticularly in light of the recent advancements in artificial intelligence
and robotization. Our study reveals that an abundance of low-skilled
labor curtails innovation activities in the manufacturing sector, thereby
underscoring the labor market’s critical role in guiding technological
progress. As the impacted innovations were predominantly labor-saving
automation technologies, the increase in regional labor supply led
to a shift in the direction of technical change. Such a shift can set
firms on distinct technological paths, with potential long-term impli-
cations for their productivity and social welfare. For instance, firms
that automate less may become less efficiency-seeking and ultimately
less competitive in the product market (Aghion et al., 2022). At the
same time, having firms move their resources from automation to more
consumer-oriented innovation may increase product diversity and the
value added in an economy in the long run (Hémous and Olsen, 2022).
In general, our research informs the debate on the optimal policy
environment for fostering innovation; that is, whether, for example,
cutthroat competition (Acemoglu et al., 2012), risk insurance through
social policy (Stiglitz, 2015), or an incentivizing tax system (Griffith
et al., 2014; Haufler et al., 2014; Widmann, 2023) is conducive to
innovation. Our findings suggest a trade-off between employment op-
portunities and firms’ incentives to innovate. Against this backdrop,
policies that promote innovation could be combined with suitable (ac-
tive) labor market policies, exemplified by the Nordic model (Stiglitz,

2015), for overall welfare improvement. This could also be an effective
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tool against income inequality resulting from automation if benefits
accrue mostly to high-skilled workers or capital owners.

This paper concentrates on the automation of low-skilled man-
ual labor during the 1990s and 2000s. Since then, the scope of au-
tomation, including artificial intelligence, has broadened, affecting an
ever-growing range of manual and cognitive tasks. Consequently, pol-
icymakers are asked to address the present and future challenges of
automatization. As such, our findings provide a foundation for further
research that informs policy on balancing labor market dynamics and
technological progress.
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