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Abstract

We establish three stylized facts on the evolution of spatial wage inequality, skill
sorting, and employment polarization in Germany between 1980 and 2010. First, spa-
tial wage inequality between high and low skill workers has increased over time. Second,
spatial skill sorting has also increased. Third, employment polarization is stronger in
denser cities and affects especially low skill workers. Based on this evidence, we develop
a model that embeds the task-based framework into a spatial equilibrium model with
heterogeneous workers to highlight the role of occupational change for the increase in
spatial wage inequality and skill sorting. The key feature of the model is that the
absolute and comparative advantage of cities and workers drive wages, city sizes, and
sorting of workers across tasks and cities in spatial equilibrium. Overall, we find that
routine-biased technical change leads to an increase in spatial wage inequality and skill
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1 Introduction

Since the 1980s, wage inequality between high and low skill workers has increased in many
countries around the world, see Autor et al. (2008) for the US and Dustmann et al. (2009)
for Germany. However, the increase in wage inequality has not evolved uniformly within
countries but has an urban bias. Baum-Snow and Pavan (2013) and Baum-Snow et al. (2018)
document the development of a positive relationship between wage inequality and city size.
The increase in spatial wage inequality has been accompanied by a differential evolution of
the urban wage gradient for high and low skill workers and a substantial increase in the
geographic sorting of workers by skill. In a recent work, Autor (2019) suggests that labor
market polarization can potentially explain why agglomeration forces have diverged across
skill groups driving the increase in spatial wage inequality.

In this paper, we shed light on the role of occupational change for the increase in spatial
wage inequality and skill sorting. Therefore, we establish three stylized facts on the evolution
of spatial wage inequality, skill sorting, and employment polarization in Germany between
1980 and 2010. First, we find that the gap between the average wages of high and low
skill workers has become more positively related to city density since 1980, i.e., spatial wage
inequality has increased over time. This increase in spatial wage inequality is accompanied
by an increase in the urban wage gradient for high skill workers, whereas the gradient for
low skill workers declined, indicating a rise in the skill bias of agglomeration economies. The
second fact is that the skill ratio of high to low skill workers has diverged across cities with
denser cities becoming more high skilled (i.e., increased spatial skill sorting). Finally, we
show that there is a spatial dimension to employment polarization with polarization being
more pronounced in denser cities and affecting especially low skill workers.

Motivated by these facts, we develop a spatial equilibrium model to highlight the role of
occupational change for the increase in spatial wage inequality and skill sorting. Therefore,
we integrate the task-based framework in Acemoglu and Autor (2011) with the spatial equi-
librium model of Diamond and Gaubert (2022). Building on the literature on the task-based
framework, we consider a continuum of tasks that are produced with heterogeneously skilled
workers and capital. The assignment of skills to tasks is endogenously based on compara-
tive advantage and routine-biased technical change involves the substitution of machines for
certain tasks previously performed by workers. We add a city-specific absolute and compar-
ative advantage in producing tasks in the spirit of Davis and Dingel (2020) and Davis et al.
(2023). We integrate this setting for the demand side of the economy into a standard spatial
equilibrium framework, where heterogeneous workers sort across cities based on endogenous
city characteristics. The absolute and comparative advantage of cities and workers play a
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central role in driving wages, city sizes, and sorting of workers across tasks and cities in spa-
tial equilibrium. Overall, we find that routine-biased technical change leads to an increase
in spatial wage inequality and skill sorting, consistent with our stylized facts.

Related Literature. This paper is related to three main strands of literature. First,
our paper is related to the work on the evolution of spatial wage inequality. Baum-Snow and
Pavan (2013) and Baum-Snow et al. (2018) document that wage inequality has increased
more in large cities in the US between 1980 and 2007, indicating that the drivers behind
wage inequality have an urban bias. Moreover, spatial wage inequality is accompanied by
a marked skill bias of agglomeration economies (Diamond, 2016; Grujovic, 2021; Card et
al., 2023, among others). Though not only is the urban wage gradient skill-biased, but the
gradients have also evolved in opposite directions over the last several decades: the urban
wage gradient for college workers has risen, whereas it fell for non-college workers (Berry
and Glaeser, 2005; Baum-Snow et al., 2018; Autor, 2019; Diamond and Gaubert, 2022;
Butts et al., 2023)1. To explain this diverging pattern, Baum-Snow et al. (2018) employ a
structural model that incorporates capital skill-complementarity and agglomeration forces.
They identify increasing complementarity between cities and skills over time, i.e., rising
agglomeration forces for skilled workers, as the main driver. Giannone (2022) also shows
with a structural model that wage divergence among skilled workers across cities is driven
by rising agglomeration forces for skilled workers that interact positively with skill-biased
technical change. Eeckhout et al. (2022) highlight that the more intensive adoption of IT in
expensive locations can explain, at least in part, the skill bias in agglomeration economies.

Second, our study is connected to the literature on spatial sorting of heterogeneous agents,
recently reviewed in Diamond and Gaubert, 2022. Moretti (2004), Berry and Glaeser (2005),
and Diamond (2016) document that the skill ratio of workers was diverging across cities in the
US between 1980 and 2010. Moretti (2012) labels this increase in the spatial sorting by skill
with the term ’The Great Divergence’. Among the drivers of spatial skill sorting, our work is
most closely related to the literature that puts forward changes in labor demand as the force
behind the increase in skill sorting (e.g., Behrens and Robert-Nicoud, 2015; Eeckhout et al.,
2014; Behrens et al., 2014).

Third, we build on a large literature on labor market polarization and the disappearing
jobs at the middle of the wage distribution, reviewed in Acemoglu and Autor (2011). Workers
in the middle of the wage distribution are concentrated in manufacturing occupations with a
high content of routine tasks, whereas manual service jobs are located at the bottom of the

1Butts et al. (2023) find that the urban wage premium declined for college and non-college workers in the
U.S. over the period 1940-2010. However, since 1980 the urban wage premium for college-educated workers
has started to rise again, whereas the urban wage premium for non-college workers continues to decline.
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distribution and abstract professional and managerial jobs at the top (e.g., Autor et al., 2006,
and Goos and Manning, 2007). As the main drivers of polarization, much of the focus of this
literature is on rapid improvements in the productivity of information and communication
technologies affecting routine jobs (e.g., Autor et al., 2003) as well as on international trade
and offshoring affecting manufacturing jobs (e.g., Autor et al., 2013).2

Further, there is a pronounced geographical dimension to labor market polarization (e.g.,
Autor and Dorn, 2013), with strong variation in polarization across local labor markets. In
a recent paper, Autor (2019) finds that the employment share of middle-paid occupations
declined more sharply in denser areas. In particular, polarization has meant a profound
reallocation of non-college workers in urban areas from middle-paid production and office
jobs to low-paid service occupations. The recent literature focuses on the use of quantitative
spatial equilibrium models to rationalize the spatial dimension of polarization. As explana-
tions, faster skill-biased technological change in larger cities through consumption spillovers
(Cerina et al., 2023), higher IT adoption in larger cities due to a higher costs of living and
higher wages (Eeckhout et al., 2022), the interaction of routinization or offshoring shocks
and the comparative advantage of cities (Davis et al., 2023), and housing affordability for
middle-income households (Parkhomenko, 2022) have been put forward.

The remainder of the paper is organized as follows. Section 2 describes the data and the
stylized facts on spatial wage inequality, skill sorting, and employment polarization. Section
3 develops a spatial equilibrium model that relates employment polarization to increasing
spatial wage inequality and skill sorting. Section 4 concludes.

2 Stylized Facts

In this section, we document three key facts on spatial wage inequality, skill sorting, and
employment polarization based on German data for the period 1980-2010. First, the gap
between the average wages of high and low skill workers has become more positively related
with city density since 1980, i.e., spatial wage inequality has increased over time. This
increase in spatial wage inequality is accompanied by an increase in the urban wage gradient
for high skill workers, whereas the gradient for low skill workers declined, indicating a rise in
the skill bias of agglomeration economies. Second, the skill ratio of high to low skill workers
has diverged across cities, with denser cities becoming more high skilled (i.e., increased
spatial skill sorting). Third, there is a spatial dimension to employment polarization, with

2As studied in, e.g., Spitz-Oener (2006), Dustmann et al. (2009), Goos et al. (2014), and Böhm et al. (2022),
Germany is no exception to this phenomenon. Dauth (2014) documents that employment polarization in
Germany almost exclusively occurs in urban areas, whereas rural regions are barely affected.
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polarization being more pronounced in denser cities and affecting especially low skill workers.

2.1 Data

We use the Regional File of the Sample of Integrated Labor Market Biographies (SIAB-R)
provided by the Institute for Employment Research (IAB) of the German Federal Employ-
ment Agency (Antoni et al., 2019). This panel dataset provides a 2% random sample of
administrative social security records and covers employees subject to social security contri-
butions and marginal part-time employment. We restrict the sample to the period between
1980 and 2010, to West Germany, and men in full-time employment liable to social security
between the age of 18 and 62. Our definition of skill groups uses education as a proxy for
skill: high skill workers are the ones with a university or applied university degree and low
skill workers are those with less than that. We aggregate the 120 occupations in the data into
four broader groups following the classification of Böhm et al. (2022): managers, profession-
als, and technicians; sales and office workers; production workers, operators and craftsmen;
and workers in services and care occupations. The workplace of an individual is observable
at the level of district regions which is our geographical unit of analysis. We will be referring
to these district regions as cities. Further details on the data and the definition of variables
are provided in appendix B.1.

2.2 Spatial Wage Inequality

We define wage inequality as the difference between the wages of the high skill workers and
low skill workers. To document the level of and change in spatial wage inequality from
1980 to 2010, we estimate the following set of bivariate regressions: For each year between
1980 and 2010, we regress logarithmized relative wage of high skill to low skill workers in a
city on the logarithmized population density of the city. The estimated coefficients and the
corresponding 95% confidence intervals are plotted in figure 1 for every fifth year.

In 1980, the estimated coefficient of log city density on the relative wage of high to low
skill workers in a city is somewhat positive, but statistically not significant. This implies
that wage inequality between high and low skill workers was not related to city density in
1980 and relatively even distributed across cities. Over the next decades, the estimated
coefficient increased to a statistically significant estimate of about 0.01 in 2010. Hence, a
positive relationship between the relative wage of high skill to low skill workers in a city and
the population density of the city has built up between 1980 and 2010. Denser cities are
characterized by higher relative wages of high skill to low skill workers in 2010 and spatial
wage inequality between skill groups has emerged between 1980 and 2010.
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Figure 1: Spatial wage inequality between high and low skill workers, 1980-2010
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Notes: The figure plots the estimated coefficient and the corresponding 95% confidence interval from a
bivariate regression of the logarithm of relative wages of high skill to low skill in a city on the logarithmized
population density of the city. The regression is run for the years 1980, 1985, 1990, 1995, 2000, 2005, and
2010, separately. See section B.1 for further details on the data.

To better understand why spatial wage inequality has emerged, we estimate the another
set of bivariate regressions: For each year between 1980 and 2010, we regress average loga-
rithmized wage of high skill in a city on the logarithmized population density of the city. The
estimated coefficients and the corresponding 95% confidence intervals are plotted in panel
A of figure 2 for every fifth year. We then repeat the regression for the average logarith-
mized wage of low skill workers as the dependent variable. The estimated coefficients and
the corresponding 95% confidence intervals are plotted in panel B of figure 2.

In 1980, the estimated coefficient of log city density on the wage of high skill and low
skill workers in a city is positive and statistically significant in both cases. This implies that
the wage of high and low skill workers is increasing in city density, i.e., there is an urban
wage gradient for both skill groups. However, the estimated coefficient for high skill workers
is larger than for low skill workers, indicating that agglomeration economies are skill-biased
towards high skill workers. Over the next decades, the urban wage gradient of the two
skill groups evolved in opposite directions. The estimated coefficient increased slightly for
high skill workers, whereas the coefficient decreased for low skill workers. Hence, the urban
wage gradient has risen for high skill workers and has fallen for low skill workers between
1980 and 2010. This points at rising agglomeration economies for high skill workers, but
decreasing agglomeration economies for low skill workers, i.e., an increase in the skill bias of
agglomeration economies.

In summary, the gap between the average wages of high and low skill workers has become
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Figure 2: Wages across cities by skill, 1980-2010
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Notes: The figure plots the estimated coefficient and the corresponding 95% confidence interval from a
bivariate regression of the logarithm of wages for high skill workers (panel A) and low skill workers (panel B)
in a city on the logarithmized population density of the city. The regression is run for the years 1980, 1985,
1990, 1995, 2000, 2005, and 2010, separately. See section B.1 for further details on the data.

more positively related with city density since 1980, i.e., spatial wage inequality has increased
over time. This increase in spatial wage inequality is accompanied by an increase in the urban
wage gradient for high skill workers, whereas the gradient for low skill workers declined,
indicating a rise in the skill-bias of agglomeration economies.

2.3 Spatial Skill Sorting

We define spatial skill sorting as the differential location decision of high and low skill workers
across cities. To document the level of and change in spatial skill sorting from 1980 to
2010, we estimate the following set of bivariate regressions: For each year between 1980
and 2010, we regress the share of high skill workers to low skill workers in a city on the
logarithmized population density of the city. The estimated coefficients and the corresponding
95% confidence intervals are plotted in figure 3 for every fifth year.

In 1980, the estimated coefficient of log city density on the ratio of high to low skill
workers in a city is positive, around 0.02, and statistically significant. An increase in the
population density of a city by 100% is associated with an increase in the share of high skill
workers to low skill workers by 2 percentage points. This implies that already in 1980 high
skill workers have differentially sorted into denser cities whereas low skill workers have sorted
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Figure 3: Spatial sorting by skill, 1980-2010

Notes: The figure plots the estimated coefficient and the corresponding 95% confidence interval from a
bivariate regression of the share of high skill workers to low skill workers in a city on the logarithmized
population density of the city. The regression is run for the years 1980, 1985, 1990, 1995, 2000, 2005, and
2010, separately. See section B.1 for further details on the data.

into less-dense cities. Over the next decades, the estimated coefficient has steadily risen to
an estimate of about 0.07 in 2010 implying a more than threefold increase since 1980. Hence,
the positive relationship between the share of high skill to low skill workers in a city and the
population density of the city has become stronger between 1980 and 2010. Denser cities are
characterized by an even high share of high skill workers in 2010 than in 1980 and spatial
skill sorting has been increasing.

In sum, we find that the skill ratio of high to low skill workers has diverged across cities
with denser cities becoming more high skilled, i.e., spatial skill sorting has increased over the
time period 1980-2010.

2.4 The Geography of Employment Polarization

Figure 4 depicts the percentage point change in employment shares across cities in West
Germany for the period 1980-2010. Occupations are grouped into four categories: man-
agers, professionals, and technicians (Mgr-Prof-Tech); sales and office workers (Sales-Office);
production workers, operators, and craftsmen (Prod-Op-Crafts); service and care workers
(Srvc-Care). Cities are split into three groups by population density in 2011 such that each
group includes one third of all cities.

In the aggregate, figure 4 shows the familiar trend of employment polarization and the
disappearance of middle-paying occupations in the West German labor market. The share
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Figure 4: Spatial dimension of employment polarization, 1980-2010

Notes: The figure shows the percentage point change in employment shares across cities in West Germany
between 1980 and 2010. The sample is split into three groups of cities by population density in 2011 such that
each group includes an equal number of cities. Occupation groups are defined according to the classification
of Böhm et al. (2022). See section B.1 for further details on the data.

of employment in Prod-Op-Crafts occupations, that tend to be in the middle of the wage
distribution, declined between 1980 and 2010 from 63.4 to 51.3 percent. This fall was offset
by an increase in the share of employment in Mgr-Prof-Tech, Sales-Office, and Srvc-Care
occupations. Employment in Mgr-Prof-Tech and Sales-Office occupations, which are located
at the top of the wage distribution, grew from 16.9 to 24.2 percent and from 15.3 to 18.3
percent, respectively. The share of employment in Service-Care occupations at the bottom
of the wage distribution grew more moderately from 4.4 to 6.3 percent. Thus, employment
polarization meant that a large share of employment has shifted from middle-paying jobs to
high-paying jobs, and only a small share has shifted to low-paying jobs.

Moreover, figure 4 shows that there is a marked geographical dimension to employment
polarization. Even though denser cities have historically been less intensive in Prod-Op-
Crafts occupations, the decline of these occupation over the last decades was stronger in
denser cities. The stronger decline in Prod-Op-Crafts occupations was offset by a higher
increase in the employment share in Mgr-Prof-Tech and Sales-Office occupations as well as
Srvc-Care occupations. As a result, the positive relationship between the employment share
in these occupations and the population density of a city has increased over the last decades.
Hence, there is a spatial dimension to employment polarization, with polarization having
been more pronounced in cities with a higher population density between 1980 and 2010.

As workers with different skill levels are not evenly distributed across different occu-
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Figure 5: Spatial dimension of employment polarization by skill, 1980-2010

Notes: The figure shows the percentage point change in employment shares for low skill workers (panel A)
and for high skill workers (panel B) across cities in West Germany between 1980 and 2010. The sample is
split into three groups of cities by population density in 2011 such that each group includes an equal number
of cities. Occupation groups are defined according to the classification of Böhm et al. (2022). See section B.1
for further details on the data.

pations, employment polarization potentially affects skill groups heterogeneously. Figure 5
shows percentage point change in employment shares across cities for low skill workers (panel
A) and high skill workers (panel B) separately. Low skill workers were predominantly em-
ployed in Prod-Op-Crafts occupations in 1980. Between 1980 and 2010, the overall share
of low skill workers decreased, but strongest within Prod-Op-Crafts occupations. This de-
cline was offset by a roughly equal increase in the employment share in the other occupation
groups though the decline in Prod-Op-Crafts occupations was stronger in denser cities. Thus,
the pattern of spatial employment polarization with a decline of Prod-Op-Crafts occupations
observed in figure 4 especially affects low skill workers. In 1980, over 80 percent of high skill
workers were employed in Mgr-Prof-Tech occupations. Over the ensuing decades, the share of
high skill workers increased across all occupation groups but the strongest within Sales-Office
occupations such that the share in Mgr-Prof-Tech occupations fell while the share in Sales-
Office occupations increased. This occupational reallocation of high skill workers is more
pronounced in cities with a higher population density. Hence, high skill workers are partly
taking over Sales-Office occupations that were typically performed by low skill workers.

In summary, there is a spatial dimension to employment polarization with polarization
being more pronounced in denser cities and affecting especially low skill workers.

9



3 Theoretical Framework

To highlight the role of occupational change for the increase in spatial wage inequality and
skill sorting, we build a model that integrates the task-based framework in Acemoglu and
Autor (2011) with the spatial equilibrium model of Diamond and Gaubert (2022). As in
Acemoglu and Autor (2011), the assignment of skills to tasks is endogenously based on com-
parative advantage and routine-biased technical change involves the substitution of machines
for certain tasks previously performed by workers. To this setting, we add an absolute and
comparative advantage of cities in producing tasks. As in Diamond and Gaubert (2022),
heterogeneous workers sort across cities based on endogenous city characteristics. The ab-
solute and comparative advantage of cities and workers in producing tasks will then play
a central role for driving wages, city sizes and sorting of workers across tasks and cities in
spatial equilibrium. Overall, we find that routine-biased technical change leads to an increase
in spatial wage inequality and skill sorting, consistent with the stylized facts presented in the
previous section.

Environment. We consider a static economy with a discrete set of cities i ∈ I. There
are two types s of workers, high skill h and low skill l, where the aggregate supply of each
skill group Ls is exogenously given. Workers consume a single final good and housing,
have idiosyncratic preferences for cities, and freely choose a city for living. Each worker
supplies inelastically one unit of labor. The single final good is produced in each city by
combining a continuum of different tasks. Tasks are produced with high and low skill workers
as well as capital. The production of tasks is characterized by an absolute and comparative
advantage of cities and workers in producing different tasks. Both, the final good and tasks,
are produced under perfect competition. In our baseline model, tasks are only produced
with heterogeneous labor. We then extend the framework in section 3.5 to study the role of
routine-biased technical change.

3.1 Local Labor Demand

Production. There is a unique final good that is produced in each city by combining a
continuum of tasks indexed by σ ∈ [0, 1]. Output of the final good is given by the following
CES production function

Yi =
[∫ 1

0
qi(σ) ϵ−1

ϵ dσ
] ϵ

ϵ−1
, (1)

where qi (σ) denotes the production level of task σ in city i and ϵ > 0 is the elasticity of
substitution across tasks. The final good is freely traded across cities and its price is set as
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the numéraire.
Tasks are non-tradable and produced with high and low skill workers indexed by s ∈ {l, h}.

Workers are perfect substitutes in the production of each task but differ in their productivity.
Each task has the following production function

qi(σ) =
∑

s∈{l,h}
Ai(σ)αs(σ)Ls

i (σ), (2)

where Ls
i (σ) denotes the endogenous number of workers with skill s producing task σ in city

i, Ai(σ) is the city-specific productivity for producing task σ, and αs(σ) is the skill-specific
productivity for producing task σ.

The skill-specific productivity αs(σ) reflects the absolute and comparative advantage of
workers in producing different tasks. We assume that high skill workers have an absolute
advantage in performing all tasks, but a comparative advantage in performing higher-σ tasks

αh(σ) > αl(σ), for all σ ∈ [0, 1]

αh(σ)αl(σ′) > αh(σ′)αl(σ) for all σ > σ′.

This can be interpreted as stating that higher-σ indices correspond to more complex or
abstract tasks in which high skill workers are more productive than low skill workers.

The city-specific productivity Ai(σ) captures the absolute and comparative advantage
of cities in producing different tasks. We assume that Ai(σ) is twice-differentiable, strictly
increasing in i, and strictly log-supermodular in i and σ

Ai(σ) > Ai′(σ) for all i > i′ and σ ∈ [0, 1]

Ai(σ)Ai′(σ′) > Ai(σ′)Ai′(σ) for all i > i′ and σ > σ′.

The former implies that higher-i cities are more productive across all tasks so that cities are
indexed by their total factor productivity. The latter states that higher-i cities have a com-
parative advantage in the production of higher-σ tasks, i.e. more complex tasks. Note that
there is a complementary in the comparative advantage of high skill workers and higher-i
cities in performing higher-σ tasks, i.e., more complex tasks. These differences in absolute
and comparative advantage of workers and cities will play a central role in our model.

Allocation of skills to tasks. We first characterize the allocation of skills to tasks.
For each city i, there exists a threshold σ̄i ∈ [0, 1] such that all tasks σ < σ̄i are produced
using low skill workers (i.e., Lh

i (σ) = 0 for all σ < σ̄i). All tasks σ > σ̄i are produced using
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high skill workers (i.e., Ll
i(σ) = 0 for all σ > σ̄i). Hence, the task threshold partitions the

continuum of tasks into two distinct sets according to the comparative advantage of workers:
the first set including the less complex tasks is performed by low skill workers and the second
set with the more complex tasks is performed by high skill workers.3

The task threshold is endogenously determined in equilibrium by a ’no-arbitrage’ condi-
tion that equalizes the cost of producing this threshold task using low or high skill workers.
In general, workers of the same skill group receive the same city-specific wage in equilibrium
even though they perform different tasks because no worker would supply their labor to tasks
paying lower wages. Then, the threshold task σ̄i must be such that this task can be produced
with the same costs using either high or low skill workers. This is equivalent to task σ̄i having
the same equilibrium supply either when produced only with high or low skill workers. This
implies the following no arbitrage condition between high and low skill workers for city i

Lh
i

Ll
i

=
(

αh(σ̄i)
αl(σ̄i)

)−ϵ (Ωh
i (σ̄i)

Ωl
i(σ̄i)

)ϵ−1

, (3)

where Ωl
i(σ̄i) ≡ [

∫ σ̄i
0 (Ai(σ′)αl(σ′))ϵ−1dσ′]

1
ϵ−1 and Ωh

i (σ̄i) ≡ [
∫ 1

σ̄i
(Ai(σ′)αh(σ′))ϵ−1dσ′]

1
ϵ−1 . The

task threshold is determined by the skill-specific and the city-specific productivity for pro-
ducing tasks as well as the equilibrium ratio for high to low skill workers in a city.

Local labor demand. Since the labor market is perfectly competitive, wages equal the
marginal product of labor for high and low skill workers, respectively. Using, the no-arbitrage
condition for the task threshold, the relative local labor demand curve is

Lh
i

Ll
i

=
(

Ωh
i (σ̄i)

Ωl
i(σ̄i)

)ϵ−1 (
wh

i

wl
i

)−ϵ

. (4)

Each city faces a downward sloping local labor demand curve because firms are willing to
hire more workers as the wage declines. Moreover, local labor demand depends on the task
threshold which is endogenously determined in equilibrium.

3.2 Local Labor Supply

Preferences. Workers choose where to live among cities and have Cobb-Douglas preferences
for the consumption good and housing with price ri in city i. Each worker supplies inelasti-
cally one unit of labor for wage ws

i in city i and has idiosyncratic preferences for locations.
3For a formal proof, see Acemoglu and Zilibotti (2001) and Acemoglu and Autor (2011).
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The utility of worker s, who is of type ω and lives in city i, is

max
c,h

U s
i (ω) = 1

ββ (1 − β)1−β c1−βhβϵs
i (ω) such that c + rih = ws

i , (5)

where c denotes consumption, h denotes housing, and ϵs
i (ω) is the idiosyncratic preference

shock for living in city i. This idiosyncratic preference shock is independent and identically
Fréchet distributed across workers within a skill group and across cities with scale parameter
κ > 1. A larger preference shock ϵs

i (ω) means that a worker is particularly attached to city
i, holding real wages constant.

The worker’s maximized utility function, subject to the budget constraint, can be ex-
pressed as an indirect utility function for living in city i as

V s
i (ω) = V s

i ϵs
i (ω) = ws

i

rβ
i

ϵs
i (ω), (6)

where V s
i ≡ ws

i /rβ
i is the systematic indirect utility component.

Local labor supply. Under the assumption of Fréchet distributed idiosyncratic prefer-
ences, the location choice of skill group s can be summarized with the share of workers of
skill s who choose city i

Ls
i

Ls
=

(
ws

i

rβ
i

)κ

∑
i′∈I

(
ws

i′

rβ

i′

)κ = V s
i

κ∑
i′∈I V s

i′
κ = V s

i
κ

V sκ , (7)

where Ls
i is the number of workers with skill s who choose city i and V s ≡

(∑
j∈I V s

j
κ
) 1

κ

is the expected utility for a worker with skill s across all cities. The parameter κ captures
the elasticity of population shares with respect to real wages and is therefore a measure of
mobility of skill group s.

The relative local labor supply of high skill to low skill workers in city i is then given by

Lh
i

Ll
i

=
(

wh
i

wl
i

)κ (
V h

V l

)−κ (
Lh

Ll

)
. (8)

Each city faces an upward sloping local labor supply curve because workers are attracted by
higher wages. As high and low skill workers have the same housing expenditure share, the
relative local labor supply only depends on the relative wage and not on the housing price.
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3.3 Housing Supply

For simplicity, we assume that housing is owned by absentee landlords who supply the housing
to local residents. The local housing price in city i is given by

ri = r̄Lγ
i , (9)

where Li denotes the population of city i, γ is the (inverse) housing supply elasticity and r̄

the part of the local housing price that is independent of the size of the city. The housing
supply elasticity captures, in a reduced-form way, forces that hinder the expansion of the
housing stock such as geographical constraints and land-use regulations.

3.4 Spatial Equilibrium

Definition of a spatial equilibrium. In a competitive spatial equilibrium, individuals
maximize their utility, final goods and intermediate tasks producers maximize profits, and
markets clear. Given the city-specific productivity in each city (Ai(σ)) and the skill-specific
productivity for each skill group (αs(σ)), the equilibrium is defined by a menu of task thresh-
olds (σ̄∗

i ), wages (wl
i
∗
, wh

i
∗), and rents (ri

∗) with population levels (Ll
i
∗
, Lh

i
∗) such that equa-

tions (3), (4), (8), and (9) are satisfied for all cities indexed by i.

Properties of the spatial equilibrium. Solving numerically for the spatial equilibrium,
we find that the city size, housing rents, and wages of high and low skill workers, the task
threshold, the relative number of high skill workers, and the relative wage of high skill
workers are increasing in the total factor productivity of a city, indexed by i. As a result,
wage inequality and skill sorting is increasing in city sizes, as documented in sections 2.2 and
2.3 on the stylized facts.

The spatial equilibrium is illustrated in figure 6. This figure shows the relative local labor
supply curve from equation (8), the relative local labor demand curve from equation (4),
and the ’no-arbitrage’ condition pinning down the task threshold from equation (3) for two
different cities. City 2, depicted in blue, has a higher absolute advantage (higher total factor
productivity) in producing all tasks than city 1, depicted in black. As city 2 has a higher
absolute advantage and comparative advantage in producing more complex tasks than city
1, the local labor demand curve and the curve for the ’no-arbitrage’ condition of city 2 lie
further out compared to city 1. Both cities share the same local labor supply curve. This
implies that the equilibrium task threshold, relative number of high skill workers, and relative
wage of high skill workers in city 2 are higher than in city 1.
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Figure 6: Illustration of the spatial equilibrium

Notes: The figure illustrates the local labor supply curve, the local labor demand curve, and the ’no-arbitrage’
condition for two different cities. City 2, depicted in blue, has a higher absolute advantage (higher total factor
productivity) in producing all tasks than city 1, depicted in black, i.e., A2(σ) > A1(σ) for all σ ∈ [0, 1]. Both
cities have the same labor supply curve, but the labor demand curve and the curve for the ’no-arbitrage’
condition lie further out compared to city 1. This implies that the equilibrium task threshold, relative number
of high skill workers, and relative wage of high skill workers in city 2 are higher than in city 1.

3.5 Task replacing technologies

Capital. We now use our model to investigate the implications of routine-biased technical
change that involves the substitution of capital (machines) for certain tasks previously per-
formed by workers. In general, tasks performed by all two skill groups are subject to machine
displacement, but based on the empirical evidence documented in section 2.4, the set of tasks
most subject to machine displacement are those in production occupations, primarily, though
not exclusively, performed by low skill workers.

Theoretically, we assume that tasks can now be produced with high and low skill workers
as well as capital. Thus, the production function of tasks is adjusted as follows

qi(σ) =
∑

s∈{l,h}
Ai(σ)αs(σ)Ls

i (σ) + αk(σ)Ki(σ), (10)

where Ki(σ) denotes the amount for capital used for producing task σ in city i, and αk(σ) is
the capital-specific productivity for producing task σ. The productivity of capital is assumed
to be the same across cities and hence has no inherent bias towards specific cities. The
absolute and comparative advantage of cities and workers is specified as in section 3.1.

We assume that the capital-specific productivity αk(σ) is large enough (with a fixed cost
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of capital r) such that there exists a range of tasks [σk, σ̄k] ⊂ [0, σ̄i] that are now performed
with lower costs by machines than low skill workers. For the remaining tasks, i.e., for all
σ /∈ [σk, σ̄k], we continue to assume that αk(σ) = 0. The range of tasks that is now performed
by capital is for simplicity not city-specific.

New allocation of skills to tasks. After the introduction of capital, there exists a
new equilibrium characterized by a new threshold σ̄′

i such that 0 < σk < σ̄k < σ̄′
i < 1. All

tasks σ ∈
(
0, σk

)
∪
(
σ̄k, σ̄′

i

)
are performed by low skill workers (i.e., Lh

i (σ) = 0), and all
tasks σ > σ̄′

i are performed by high skill workers (i.e., Ll
i(σ) = 0) in city i. Hence, there is

a reallocation of tasks as a consequence of capital replacing tasks previously performed by
low skill workers. In particular, low skill workers will now start performing some of the tasks
previously allocated to high skill workers (corresponding to sales and office occupations in
section 2.4 and expanding their supply of the least complex tasks (corresponding to service
and care occupations in section 2.4). High skill workers instead lose the, from their perspec-
tive, least complex tasks to low skill workers and expand their supply of the most complex
tasks. The reallocation is illustrated in figure 7.

Figure 7: New allocation of skills to tasks under routine-biased technological change

Notes: The figure illustrates the allocation of skills to tasks. The allocation without capital is depicted in
black and the new allocation with capital is shown in blue. There is a reallocation of tasks as a consequence
of capital replacing tasks previously performed by low skill workers. In particular, low skill workers will now
start performing some of the tasks previously allocated to high skill workers and expanding their supply of
the least complex tasks. High skill workers instead lose their least complex tasks to low skill workers and
expand their supply of the most complex tasks.

Because new machines replace the tasks previously performed by low skill workers, their
relative wage compared to high skill workers declines. As high skill workers expand their
supply of the most complex tasks where also higher-i cities have a comparative advantage,
the relative wage of high skill workers increases stronger in higher-i cities whereby higher-i
cities are larger in equilibrium. Hence, spatial wage inequality increases which explains the
first stylized fact from section 2.2. Attracted by the stronger increase in relative wages of high
skill workers in higher-i cities, high skill workers move to these cities. As a result, housing
rents are increasing as well, which prices out low skill workers in these cities. Instead, low
skill workers are moving to lower-i cities which are smaller in equilibrium. Thus, the share
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of high skill workers rises in the largest cities and falls in the smallest cities. This explains
the second stylized from section 2.3 referring to the increase in spatial skill sorting.

4 Conclusion

In this paper, we establish three stylized facts on the evolution of spatial wage inequality,
skill sorting, and employment polarization in Germany between 1980 and 2010. First, we
find that the gap between the average wages of high and low skill workers has become more
positively related with city density since 1980, i.e., spatial wage inequality has increased over
time. This increase in spatial wage inequality is accompanied by an increase in the urban
wage gradient for high skill workers, whereas the gradient for low skill workers declined,
indicating a rise in the skill-bias of agglomeration economies. The second fact is that the
skill ratio of high to low skill workers has diverged across cities with denser cities becoming
more high skilled (i.e., increased spatial skill sorting). Finally, we show that there is a spatial
dimension to employment polarization with polarization being more pronounced in denser
cities and affecting especially low skill workers.

Motivated by these facts, we develop a spatial equilibrium model to highlight the role of
occupational change for the increase in spatial wage inequality and skill sorting. Building
on the literature on the task-based framework, we consider a continuum of tasks that is
produced with heterogeneously skilled workers and capital. The assignment of skills to tasks
is endogenously based on comparative advantage and routine-biased technical change involves
the substitution of machines for certain tasks previously performed by workers. We add
a city-specific absolute and comparative advantage in producing tasks. We integrate this
setting for the demand side of the economy into a standard spatial equilibrium framework,
where heterogeneous workers sort across cities based on endogenous city characteristics. The
absolute and comparative advantage of cities and workers play a central role in driving wages,
city sizes, and sorting of workers across tasks and cities in spatial equilibrium.

Overall, we find that routine-biased technical change leads to an increase in spatial wage
inequality and skill sorting, consistent with our stylized facts.
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Appendix

A Theory Appendix

A.1 Local Labor Demand

Production. There is a unique final good that is produced in each city by combining a
continuum of tasks indexed by σ ∈ [0, 1]. Output of the final good is given by the following
CES production function

Yi =
[∫ 1

0
qi(σ)

ϵ−1
ϵ dσ

] ϵ
ϵ−1

, (A.1)

where qi (σ) denotes the production level of task σ in city i and ϵ > 0 is the elasticity of
substitution across tasks. The final good is freely traded across cities and its price is set as
the numéraire.

Let pi(σ) denote the price of task σ in city i. Then, profit maximization of the final good
suppliers implies

max
qi(σ)

Π =
[∫ 1

0
qi(σ)

ϵ−1
ϵ dσ

] ϵ
ϵ−1

−
∫ 1

0
pi(σ)qi(σ)dσ

⇒ qi(σ) = pi(σ)−ϵYi.

Tasks are non-tradable and produced with high and low skill workers indexed by s ∈ {l, h}.
Workers are perfect substitutes in the production of each task but differ in their productivity.
Each task has the following production function

qi(σ) =
∑

s∈{l,h}
Ai(σ)αs(σ)Ls

i (σ), (A.2)

where Ls
i (σ) denotes the endogenous number of workers with skill s producing task σ in city

i, Ai(σ) is the city-specific productivity for producing task σ, and αs(σ) is the skill-specific
productivity for producing task σ.

The skill-specific productivity αs(σ) reflects the absolute and comparative advantage of
workers in producing different tasks. We assume that high skill workers have an absolute
advantage in performing all tasks, but a comparative advantage in performing higher-σ tasks

αh(σ) > αl(σ), for all σ ∈ [0, 1]

αh(σ)αl(σ′) > αh(σ′)αl(σ) for all σ > σ′.

This can be interpreted as stating that higher-σ indices correspond to more complex or
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abstract tasks in which high skill workers are more productive than low skill workers.
The city-specific productivity Ai(σ) captures the absolute and comparative advantage

of cities in producing different tasks. We assume that Ai(σ) is twice-differentiable, strictly
increasing in i, and strictly log-supermodular in i and σ

Ai(σ) > Ai′(σ) for all i > i′ and σ ∈ [0, 1]

Ai(σ)Ai′(σ′) > Ai(σ′)Ai′(σ) for all i > i′ and σ > σ′.

The former implies that higher-i cities are more productive across all tasks so that cities
are indexed by their total factor productivity. The latter states that higher-i cities have a
comparative advantage in the production of higher-σ tasks, i.e. more complex tasks. Note
that there is a complementary in the comparative advantage of high skill workers and higher-i
cities in performing higher-σ tasks, i.e., more complex tasks.

Let ws
i denote the wage payed to a worker with skill s in city i. Then, profit maximization

of the suppliers of task σ implies

max
Ls

i (σ)
π(σ) =

∑
s∈{l,h}

[pi(σ)Ai(σ)αs(σ) − ws
i ] Ls

i (σ)

⇒ ws
i ≥ pi(σ)Ai(σ)αs(σ), ∀s and ws

i = pi(σ)Ai(σ)αs(σ), ∀s with Ls
i (σ) > 0.

Allocation of skills to tasks. For each city i, there exists a threshold σ̄i ∈ [0, 1] such
that all tasks σ < σ̄i are produced using low skill workers (i.e., Lh

i (σ) = 0 for all σ < σ̄i). All
tasks σ > σ̄i are produced using high skill workers (i.e., Ll

i(σ) = 0 for all σ > σ̄i).
Even though workers of the same skill level perform different tasks, in equilibrium they

receive the same wage for a given city because no worker would supply their labor to tasks
paying lower wages. This implies that the value marginal product of all workers in a skill
group and city must be the same across all tasks that they are performing

wl
i = pi(σ)Ai(σ)αl(σ) for all σ < σ̄i

wh
i = pi(σ)Ai(σ)αh(σ) for all σ > σ̄i.

Thus in each city, the price difference between two tasks produced by the same type of
worker must offset the productivity difference of this type of worker in these two tasks

pi(σ)Ai(σ)αl(σ) = pi(σ′)Ai(σ′)αl(σ′) for all σ, σ′ < σ̄i

pi(σ)Ai(σ)αh(σ) = pi(σ′)Ai(σ′)αh(σ′) for all σ, σ′ > σ̄i.
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The first-order condition for profit maximization in the production of the final good and
the choice of the final good as the numéraire imply

pi(σ)ϵqi(σ) = Yi.

Now consider two tasks σ, σ′ performed by workers with skill s. Then using the definition
of the productivity of workers with skill s in these tasks, we have

pi(σ)ϵAi(σ)αs(σ)Ls
i (σ) = pi(σ′)ϵAi(σ′)αs(σ′)Ls

i (σ′).

⇒ Ls
i (σ′) =

[
Ai(σ′)αs(σ′)
Ai(σ)αs(σ)

]ϵ−1

Ls
i (σ)

Using the market clearing condition for low skill workers, Ll
i =

∫ σ̄i
0 Ll

i(σ′)dσ′, and for high
skill workers, Lh

i =
∫ 1

σ̄i
Lh

i (σ′)dσ′, we must have

Ll
i(σ) =

[
Ai(σ)αl(σ)

]ϵ−1
Ll

i∫ σ̄i
0 (Ai(σ′)αl(σ′))ϵ−1 dσ′

, for all σ < σ̄i (A.3)

Lh
i (σ) =

[
Ai(σ)αh(σ)

]ϵ−1
Lh

i∫ 1
σ̄i

(Ai(σ′)αh(σ′))ϵ−1 dσ′
, for all σ > σ̄i. (A.4)

The task threshold is endogenously determined in equilibrium by a ’no-arbitrage’ condi-
tion that equalizes the cost of producing this threshold task using low or high skill workers.
In general, workers of the same skill group receive the same city-specific wage in equilibrium
even though they perform different tasks because no worker would supply their labor to tasks
paying lower wages. Then, the threshold task σ̄i must be such that this task can be produced
with the same costs using either high or low skill workers. This is equivalent to task σ̄i having
the same equilibrium supply either when produced only with high or low skill workers. This
implies the following no arbitrage condition between high and low skill workers for city i

αl(σ̄i)ϵLl
i∫ σ̄i

0 (Ai(σ′)αl(σ′))ϵ−1 dσ′
= αh(σ̄i)ϵLh

i∫ 1
σ̄i

(Ai(σ′)αh(σ′))ϵ−1 dσ′
.

⇒ Lh
i

Ll
i

=
(

αh(σ̄i)
αl(σ̄i)

)−ϵ (Ωh
i (σ̄i)

Ωl
i(σ̄i)

)ϵ−1

, (A.5)

where Ωl
i(σ̄i) ≡ [

∫ σ̄i
0 (Ai(σ′)αl(σ′))ϵ−1dσ′]

1
ϵ−1 and Ωh

i (σ̄i) ≡ [
∫ 1

σ̄i
(Ai(σ′)αh(σ′))ϵ−1dσ′]

1
ϵ−1 . The

task threshold is determined by the skill-specific and the city-specific productivity for pro-
ducing tasks as well as the equilibrium ratio for high to low skill workers in a city.
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Local labor demand. Comparing two tasks performed by low and high skill workers
(σ < σ̄i < σ′), we obtain pi(σ)ϵAi(σ)αl(σ)Ll

i(σ) = pi(σ′)ϵAi(σ′)αh(σ′)Lh
i (σ′). Thus, we must

have for the relative wage of high skill workers

wh
i

wl
i

=
(

Ωh
i (σ̄i)

Ωl
i(σ̄i)

) ϵ−1
ϵ
(

Lh
i

Ll
i

)− 1
ϵ

. (A.6)

Rearranging this equation gives the relative local labor demand, conditional on the task
threshold

Lh
i

Ll
i

=
(

Ωh
i (σ̄i)

Ωl
i(σ̄i)

)ϵ−1 (
wh

i

wl
i

)−ϵ

. (A.7)

Since the final good is the numéraire, we have
∫ 1

0 ln pi(σ)1−ϵdσ = 1. This equilibrium
condition can be written as

∫ σ̄i

0

[
wl

i

Ai(σ)αl(σ)

]1−ϵ

dσ +
∫ 1

σ̄i

[
wh

i

Ai(σ)αh(σ)

]1−ϵ

dσ = 1.

Using the equation for the relative wage, this equating can be solved for the wage level of
low and high skill workers (local labor demand)

wl
i = Ωl

i(σ̄i)

1 +
(Ωh

i (σ̄i)
Ωl

i(σ̄i)

) 1
ϵ−1 Lh

i

Ll
i


1
ϵ

 (A.8)

wh
i = Ωh

i (σ̄i)

1 +
(Ωh

i (σ̄i)
Ωl

i(σ̄i)

) 1
ϵ−1 Lh

i

Ll
i

− 1
ϵ

 . (A.9)

A.2 Local Labor Supply

Preferences. Each worker has Cobb-Douglas preferences for the consumption good and
housing, and maximizes utility subject to the budget constraint. The utility of worker ω,
who is of skill type s and lives in city i, is

max
cs

i ,hs
i

U s
i (ω) = 1

ββ (1 − β)1−β cs
i
1−βhs

i
βϵs

i (ω) s.t. cs
i + rih

s
i = ws

i . (A.10)

Here, cs
i is consumption, hs

i denotes housing with price ri in city i, and ϵs
i (ω) is an idiosyncratic

preference shock for living in city i. This preference shock is independent and identically
distributed across workers within the same skill group and across cities.
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FOCs:

1 − β

ββ (1 − β)1−β cs
i
−βhs

i
βϵs

i (ω) = µ and β

ββ (1 − β)1−β cs
i
1−βhs

i
β−1ϵs

i (ω) = µri

⇒ cs
i = (1 − β) ws

i and hs
i = β

ri

ws
i

The worker’s maximized utility function can be expressed as an indirect utility function
for living in city i as follows

V s
i (ω) = V s

i ϵs
i (ω) = ws

i

rβ
i

ϵs
i (ω), (A.11)

where V s
i is the systematic indirect utility component. We assume that the idiosyncratic

preference shocks ϵs
i (ω) are Fréchet distributed with scale parameter κ > 1.

Local labor supply. The cumulative distribution function and the probability density
function of the Fréchet distribution are given by

F s
i (ϵ) = e−ϵ−κ and f s

i (ϵ) = κϵ−κ−1e−ϵ−κ

.

Since the indirect utility for a worker is a linear transformation of the idiosyncratic preference
shock, the indirect utility is again Fréchet distributed with

F s
i (v) = e−Ψiv

−κ

, Ψi ≡ (ws
i )

κ
(
rβ

i

)−κ
.

From all cities, each worker chooses the city that offers the maximum utility. Since the
maximum of a sequence of Fréchet distributed random variables is itself Fréchet distributed,
the probability that a worker with skill s chooses city i is

λs
i = Pr

(
vs

i ≥ max
i′ ̸=i

)
=
∫ ∞

0

∏
i′ ̸=i

F s
i′(v)dF s

i (v) =
∫ ∞

0

∏
i′ ̸=i

F s
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Thus, the share of workers with skill s who choose city i (local labor supply to the city)
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is given by

Ls
i
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=

(
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i

rβ
i

)κ

∑
i′∈I

(
ws

i′

rβ

i′

)κ = V s
i

κ∑
i′∈I V s

i′
κ = V s

i
κ

V sκ , (A.12)

where V s ≡
(∑

j∈I V s
j

κ
) 1

κ is the expected utility for a worker with skill s across all cities.
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B Data Appendix

B.1 Data Description

We use the Regional File of the Sample of Integrated Labor Market Biographies (SIAB-R)
provided by the Institute for Employment Research (IAB) of the German Federal Employ-
ment Agency (Antoni et al., 2019; Dauth and Eppelsheimer, 2020). This panel dataset
provides a 2% random sample of administrative social security records from 1975 to 2017. It
is representative of 80% of the German workforce and covers employees subject to social secu-
rity contributions and marginal part-time employment but excludes the self-employed, civil
servants, and individuals in military service. The dataset contains employment biographies
of 1,827,903 individuals with a total of 62,340,521 observations. Because of anonymization,
2.5% of the individuals in the original SIAB are not contained in the Regional File.

Yearly panel and geographical unit of observation. The data is in spell format
where the unit of observation is any change in the employment status of an individual. We
convert the dataset into a yearly panel with June 30 as the cut-off date as the on establish-
ment variables from the Establishment-History-Panel (BHP) are only exact on 30 June each
year. The workplace of an individual is observable at the level of district regions which is
our geographical unit of analysis. District regions are constructed from the administrative
districts in Germany by aggregation to at least 100,000 inhabitants per district region. This
yields 328 district regions of which 185 are ’urban’ and 143 are ’rural’. As some smaller towns
are located within rural district regions, we keep all district regions in the sample.

Wages. Due to a cap on social security contributions, wages are right-censored at the
upper earnings limit for statutory pension insurance. Therefore, we impute wages above the
censoring threshold following the procedure in Dustmann et al. (2009) and Card et al. (2013).
We run a series of tobit imputations for each year, East-West Germany, and three education
groups, separately. In each tobit estimation, we predict censored wages employing controls
for age, gender, experience, and occupation groups. Furthermore, we include the individuals’
mean wage in other years, the fraction of top-censored wages in other years, and a dummy if
the individual is observed only once in the sample. Instead of including firm mean log-wages
as in Card et al. (2013), we include annual mean log-wages in the district region. Under the
assumption that wages are log-normally distributed, we impute censored log wages as follows:
Xβ + σΦ−1 [k + u(1 − k)], k = Φ [(c − Xβ)/σ] where u ∼ U [0, 1], s is the censoring limit,
and σ is the standard deviation of the residual. Additionally, we drop wages of zero because
they can be attributed to employment interruption notifications. During these periods, the
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employment relationship continues to exist in legal terms but without payment. We inflate
wages to 2015 prices using the German consumer price index.

Definition of variables. We follow previous work that uses education as a proxy for
skill (e.g., Acemoglu and Autor, 2011). Then, we define two skill groups: high skill workers
(university or applied university degree) and low skill workers (vocational training or no voca-
tional training). For better illustration, we aggregate the 120 occupations included the data
into broader groups following the classification of Böhm et al. (2022) which is in the spirit of
Acemoglu and Autor (2011). The resulting variable comprises the following four categories:
managers, professionals, and technicians; sales and office workers; production workers, op-
erators and craftsmen; and workers in services and care occupations. Following Eberle and
Schmucker (2019), we construct the variables work experience and firm tenure. Work expe-
rience counts the number of days an individual was employed up to the current time point
excluding training periods. Firm tenure measures the number of days an individual was em-
ployed in an establishment including training periods. Both variables are expressed in years.

Sample restriction. We restrict the sample to the time span between 1980 and 2010
and to West Germany only. Until 2010, the SIAB Regional File includes 120 occupations
which are consistently defined over time. Because the classification of occupations changes
drastically after 2010, we cannot use subsequent years. For historical reasons, there are
considerable differences in wages between East and West Germany and complete data for
East Germany becomes available only after 1993. Further, we constrain the sample to men
in full-time employment liable to social security between the age of 18 and 62. Because only
the wage but not the underlying hours worked are observed for part-time workers, it is not
possible to control for changes in part-time workers’ wages due to changes in the underlying
hours worked. Finally, we drop all observations for which the information on education,
occupation or workplace location is missing. The final sample counts 6,539,677 observations.
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B.2 Further Descriptive Statistics

Table B1: Descriptive statistics on employment shares by occupation groups, 1980-2010

Level (%) Change (%)

1980 1990 2000 2010 1980-2010

Panel A: All cities
Managers-Professionals-Technicians 16.91 19.25 21.93 24.24 +7.33
Sales-Office 15.26 15.38 17.07 18.25 +2.99
Production-Operators-Craftsmen 63.44 60.33 55.21 51.26 -12.18
Service-Care 4.38 5.03 5.78 6.25 +1.87

Panel B: Top 33% of cities
Managers-Professionals-Technicians 20.36 23.15 26.70 29.24 +8.88
Sales-Office 17.17 17.59 19.80 21.63 +4.46
Production-Operators-Craftsmen 58.00 54.06 47.29 42.36 -15.64
Service-Care 4.48 5.20 6.21 6.76 +2.28

Panel C: Middle 33% of cities
Managers-Professionals-Technicians 13.24 15.55 17.65 20.10 +6.86
Sales-Office 12.95 12.76 14.18 14.82 +1.87
Production-Operators-Craftsmen 69.81 67.19 63.27 59.66 -10.15
Service-Care 3.99 4.49 4.90 5.42 +1.43

Panel D: Bottom 33% of cities
Managers-Professionals-Technicians 10.85 12.60 14.80 16.83 +5.98
Sales-Office 12.31 12.38 13.61 14.10 +1.79
Production-Operators-Craftsmen 72.25 69.73 65.73 63.05 -9.20
Service-Care 4.60 5.29 5.85 6.02 +1.42

Notes: Occupation groups are defined according to the classification of Böhm et al. (2022). In panels
B to D, the sample is split into three groups of cities by population density in 2011 such that each
subsample includes an equal number of cities. Panel B includes the one-third of cities with the highest
population density, panel C the ones in the middle, and panel D the cities with the lowest population
density. See section B.1 for further details on the data. All numbers are in percent.
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